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I.  Introduction 

This  report  is  the  final  in  a  series  of  studies  to  explore  the  feasibility  and  possible  structure 
of  alternative  approaches  to  developing  an  allpayer  prospective  system  for  reimbursing  hospitals 
for  care  provided  to  inpatients.'  Conducted  by  The  Urban  Institute  and  Georgetown  University 
for  the  Health  Care  Financing  Administration  (HCFA),  the  study  was  designed  to  test  the 
practicality  of  adapting  or  extending  Medicare's  Prospective  Payment  System  (PPS)  to  either 
other  payers  or  all  payers  as  part  of  the  health  care  reform  legislation  proposed  by  the  Clinton 
Administration  in  1993.  Although  such  payment  systems  were  not  seen  as  necessarily  permanent 
features  of  the  new  health  care  financing  arrangements,  HCFA  believed  that  they  might  be  an 
important  element  of  transitional  financing  arrangements.  In  the  absence  of  health  reform,  such 
systems  could  be  useful  to  Medicaid  programs  and  private  insurers  as  a  basis  for  paying  or,  in  the 
case  of  managed  care  plans,  in  negotiating  financial  arrangements  with  hospitals  and  physicians. 

Here,  we  present  a  description  of  each  of  the  tasks  involved  in  our  analysis  of  the 
feasibility  and  potential  structure  of  a  PPS-like  payment  system  for  allpayers.  The  initial  tasks 
of  the  study  relate  to  the  development  of  data  files  necessary  for  the  analyses  which  follow.  An 
allpayer  hospital  PPS  is  comprised  of  several  different  payment  components  the  most  basic  of 
which  are  payment  weights,  rates,  and  adjustors.  Separate  analytic  steps  are  required  in  order  to 
derive  each  of  the  necessary  components,  and  several  different  types  of  data  are  required  to 
complete  each  of  those  analytic  tasks.  Admission  records  are  necessary  and  must  be  categorized 
according  to  a  specified  patient  classification  system,  so  that  payment  weights  can  be  created  and 


As  used  here,  the  term  "allpayer"  is  defined  to  include  either  a  single  payment  system  that  encompasses  both 
Medicare  and  nonMedicare  patients,  or  separate  prospective  payment  systems  that  employ  the  same  or  a  similar 
methodology,  but  distinguishes  patients  by  insurer  type  for  payment  purposes. 


hospital-specific  casemix  indices  can  be  derived.  Hospital-specific  cost  data  by  payer  category 
are  required  to  calculate  costs  per  case,  which  will  ultimately  be  used  to  set  payment  rates. 
Finally,  hospital  and  area  characteristic  data  are  required  in  order  to  judge  the  need  for  and  level 
of  payment  adjustors.  The  first  three  chapters  of  this  report  are  devoted  to  describing  in  detail 
these  data  and  the  analytic  steps  involved  in  creating  a  data  file  representing  the  universe  of 
short-term  general  hospitals. 

Chapter  II  focuses  on  the  development  of  payment  weights.  The  chapter  begins  with  a 
description  of  the  admission  files  and  the  editing  process  which  was  applied  to  them.  Then,  the 
actual  construction  of  the  relative  weights  is  described.  The  construction  is  conceptually 
straightforward,  however  adjustments  were  made  for  variations  in  area  input  prices,  extreme 
values,  and  low  volume  DRGs  (Diagnosis  Related  Groups).  All  of  these  adjustments  are 
described  in  detail  in  the  chapter. 

Once  the  payment  weights  were  computed,  casemix  indices  for  the  hospitals  represented 
in  our  admission  file  could  be  easily  calculated.  Developing  a  file  containing  the  universe  of 
short-term  general  hospitals,  however,  required  an  imputation  process  for  computing  casemix 
indices  for  those  hospitals  that  were  not  represented  in  our  admission  level  files.  The 
construction  of  casemix  indices  and  this  imputation  process  are  the  subject  of  Chapter  III  of  this 
report. 

The  last  data  development  task  was  estimation  of  the  average  cost  per  inpatient  discharge 
for  each  hospital  in  our  file.  These  cost  estimates  were  derived  primarily  from  Hospital  Cost 
Reporting  Information  System  (HCRIS)  files  for  fiscal  year  1991.  The  methodology  employed 
to  calculate  these  estimates  is  presented  in  Chapter  IV. 

Once  the  simulation  files  were  constructed,  they  were  utilized  in  two  analyses.  The  first 
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analysis,  reported  in  Chapter  V  of  this  report,  addresses  whether  DRG-based  payment  rates  for 
Medicare  and  nonMedicare  patients  should  be  adjusted  based  on  characteristics  of  the  hospital  in 
which  the  care  was  provided.  The  potential  adjustments  examined  are  those  which  have  been 
incorporated  into  Medicare  PPS  payments  in  recent  years.  They  include  adjustments  for 
differences  among  hospitals  in  local  labor  costs,  casemix,  urban/rural  location,  involvement  in 
training  interns  and  residents,  and  the  importance  of  low  income  patients  to  the  hospital's 
caseload. 

A  double-logarithmic  specification  made  the  parameter  estimate  of  the  casemix  index 
variable  an  elasticity,  indicating  the  implied  percentage  change  in  unit  cost  which  would  result 
from  a  one  unit  change  in  the  casemix  index.  In  the  case  of  Medicare  costs,  the  parameter 
estimate  for  the  casemix  variable  was  very  close  to  one,  indicating  a  proportional  relationship 
between  costs  per  case  and  casemix  index.  However,  this  was  not  the  observed  relationship  for 
the  nonMedicare  cost  equation,  which  yielded  a  casemix  elasticity  of  0.6.  This  estimated  elasticity 
implies  that  payment  rates  for  nonMedicare  patients  based  on  average  cost  per  case  would 
systematically  pay  hospitals  with  complex  cases  substantially  more  than  the  costs  they  incur,  and 
would  pay  hospitals  with  less  complex  cases  less  than  their  costs.  Under  such  a  system,  more  than 
thirty  percent  of  hospitals  would  experience  payment  "errors"  of  more  than  10  percent  relative  to 
their  costs. 

As  a  result  of  this  finding  for  nonMedicare  patients,  we  decided  to  concentrate  further 
efforts  upon  potentially  useful  refinements  to  the  existing  Medicare  payment  system.  Thus,  the 
final  analysis  presented,  reported  in  Chapter  VI,  focuses  upon  an  alternative  approach  to  defining 
the  Medicare  standardized  prospective  payment  rate.  That  analysis  proposes  a  refinement  to 
PPS's  current  payment  formula.  In  the  current  formula,  the  payment  level  (i.e.,  the  standard 
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amount)  is  based  on  the  average  historical  cost  of  care  for  all  Medicare  patients.  We  propose 
that  the  payment  level  be  based  only  on  Medicare  admissions  to  hospitals  that  provide  care 
efficiently.  The  methodology  for  determining  whether  or  not  a  hospital  is  providing  care 
efficiently  is  presented  in  the  chapter.  In  addition,  simulations  of  several  variations  on  the 
proposed  policy  were  conducted.  These  simulations  estimate  the  effects  of  such  a  policy  on 
payments  to  individual  hospitals  and  on  aggregate  expenditures. 
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II.  Construction  of  DRG  Weights1 

A.  Introduction 

This  task  develops  relative  DRG  weights  for  five  payer  categories:  allpayers,  Medicare, 
Medicaid,  private  (i.e.,  NonMedicare/NonMedicaid),  and  NonMedicare  (i.e.,  Medicaid  and 
private).  Two  different  groupers,  HCFA  version  1 1,  and  NYS  DRG  version  9,  are  used  to 
develop  weights  (a  total  of  ten  sets  of  weights:  5  payer  categories  and  2  groupers).2  Unlike 
previous  research  efforts  in  this  area,  this  study  had  access  to  extensive  data  with  which  to 
compute  weights  for  nonMedicare  admissions.  Our  weights  were  derived  from  charges  for  the 
universe  of  inpatient  discharges  for  all  payer  types  in  19  states  for  1991. 

The  data  and  the  editing  process  utilized  to  refine  the  data  are  discussed  in  the  first 
section  of  this  chapter.  Once  the  editing  process  was  complete,  deriving  the  relative  weights 
required  several  steps.  First,  admission  records  were  categorized  according  to  the  HCFA  and 
NY  state  DRG  classification  systems.  Second,  charges  were  deflated  for  differences  in  area  input 
prices.  Then,  discharges  with  extreme  values  and  those  in  DRGs  for  which  no  payment  is  made 
(i.e.,  469  and  470)  were  dropped.  Lastly,  DRGs  with  insufficient  numbers  of  cases  to  calculate  a 
stable  mean  charge  (i.e.,  low- volume  DRGs)  were  identified  and  corrected.  The  second  portion 
of  the  chapter  discusses  these  steps. 
B.  Data 

The  data  for  this  component  of  the  project  was  provided  by  the  Codman  Research  Group 
(CRG).  It  consisted  of  the  complete  universe  of  hospital  discharge  records  for  1991  from  all 

'Authors  for  this  chapter  were:  Mark  E.  Miller,  Margaret  B.  Sulvetta  and  Craig  G.  Coelen. 

2We  are  proceeding  with  these  two  groupers  as  reasonable  proxies  for  the  new  Medicare  PPS  grouper 
proposed  in  Federal  Register  NPRM,  May  27,  1994. 
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short-term  general  nonfederal  hospitals  in  I 9  shim  n,.  . 

ospitals  ,n  19  states.  The  states,  selected  based  on  the  availability 

N  V.  N'C.  OR.  PA.  RI.  SC.  VT.  WA.  and  W,.  Below,  we  summarize  the  process  used  to  ed„  the 

level  and  hospital  level.  Following  the  description  of  ,r,is  proces,  summary  ^  ^  ^ 

.he  edittng  process  and  the  final  edited  files  used  in  the  remainder  of  the  project  are  reviewed. 
The  Editing  Process 

Aim^on.U,eIEdUs  Preliminary  adm,SS]ons  ,eve|  ^  ^  M  ma  ^ 

file  to  edit  tndividua,  variables.  This  process  highlighted  problems  with  certain  vanables  in  certatn 
states  (e.g.,  10.4%  of  al,  California  admissions  had  a  zero  charge;  22.7%  of  al,  New  Jersey 
admissions  had  zero  length  of  stay).  Of  the  ,9  state  files,  ,  I  had  either  no  problems  or  minor 
problems  at  the  variable-level  (AZ.  FL.  IL,  IA.  ME,  MA,  NV.  NH,  NC,  PA). 

MU*rt  EiUs.  A  hospital  Master  Lis,  was  created  from  a  hospital  level  file 
supplied  by  HCFA.  which  we  augmented  with  hospitaVpayer-specific  discharge  data  and  hospital 
charactenstics  from  HCRIS  and  the  AHA  (e.g.,  type  of  control,  composition  of  med.ca,  staff,. 
We  merged  the  CRG  admission  data  with  the  augmented  Master  List  This  merge  highhghted 
three  problem  areas:  mtsmatched  hospitals  (i.e.,  hospitals  which  appeared  on  one  file,  bu,  not  the 
other,,  the  presence  of  spectalty  hospitals  in  the  CRG  files  (e.g.,  psychiatric,  long-term  care),  and 
discrepancies  in  hospital  discharges  across  files. 

Some  of  these  problems  were  resolved  when  CRG  provided  replacement  tapes  wh.ch 
contained  Medicare  identification  numbers  forcertam  states.  Others  were  addressed  through 
revtew  of  AHA  and  HCRIS  hardcopy  sources.  Thts  type  of  review  was  able  to  identify 
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CRG/Master  File  mismatches  which  had  resulted  because  hospitals  were  combined  or  closed. 
Admissions  for  these  hospitals  were  recoded  (e.g.,  two  separate  IDs  for  a  single  hospital,  all 
discharges  assigned  and  recoded  to  a  single  ID).  Specialty  and  HMO  hospitals  were  also 
identified  through  these  sources.  Files  were  edited  to  remove  all  discharges  from  hospitals  of 
these  types.  Any  deleted  or  recoded  record  was  written  to  a  separate  file,  so  that  we  have  a 
record  of  all  deleted  admissions. 

Additional  Admission-Level  Edits.  After  the  second  round  of  hospital-level  edits  (i.e., 
removing  and  recoding  hospital  IDs  based  on  the  hardcopy  review)  were  completed,  we  reran  the 
variable  level  summary  descriptors  to  assess  whether  variable  level  problems  still  remained  (e.g., 
were  all  problems  with  zero  charge  discharges  in  the  state  eliminated  by  removal  of  certain 
hospitals,  such  as  VA  and  HMO  hospitals).  We  also  performed  additional  tabulations  based  on 
information  gained  during  the  editing  process  (e.g.,  examine:  admissions  in  neonate  DRGs  and 
those  with  age  <1  to  see  if  newborns  are  given  a  separate  discharge  record  with  zero  charges; 
zero  length  of  stay  (LOS)  discharges  for  selected  surgery  DRGs  to  determine  if  they  are  same  day 
surgery  admissions;  the  percentage  of  discharges  coded  as  DRG  470;  the  percentage  of  DRGs  in 
psychiatric  or  rehabilitation  categories).  Based  on  these  analyses,  we  performed  editing  runs  on 
all  19  states  which  flagged  certain  records  for  exclusion.  These  flags  identify: 

•  $0  charge  admissions 

•  $999,  $9999,  $99,999,  etc.  admissions 

•  admissions  with  LOS  =  0 

•  admissions  with  LOS  >  365 
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•  admissions  with  LOS  =  0,  and  discharge  status  =  1  (home/self-care),  and 
DRG*  370-391 3 

•  admissions  in  hospitals  where  >  50%  of  admissions  were  SO  charge  or  in 
DRG  470  (ungroupable) 

•  admissions  in  hospitals  with  >  75%  of  admissions  in  psych/rehab  DRGs. 

These  flags  were  placed  on  the  file  to  enable  identification  of:  anomalous  charge  admissions  ($0, 
$999,  $9999,  etc.);  anomalous  LOS  admissions  (Those  in  excess  of  365  days  probably  represent 
miscodes  or  non-short  term-general  admissions;  Those  with  0  LOS  may  be  same  day  surgery 
claims.);  admissions  in  hospitals  which  systematically  did  not  accurately  report  DRGs  (Over  50% 
of  admissions  coded  as  DRG  470);  and  admissions  in  specialty  hospitals  (Admissions  in  hospitals 
with  over  75%  of  admissions  in  psych  or  rehab  DRGs  are  flagged  because  such  hospitals  are  not 
operating  as  short  term  general  hospitals).  The  75%  cutoff  for  psych/rehab  admissions  was 
selected  after  consultation  with  HCFA  staff. 

It  is  important  to  note  that  these  flagged  records  have  not  been  excluded  from  the  file,  that 
is,  the  records  were  flagged,  rather  than  dropped.  The  only  records  which  have  been  deleted  from 
the  files  are  those  deleted  when  entire  hospitals  were  dropped  through  the  hospital-level  edit 
comparison  of  CRG  with  HCRIS  and  AHA  files  and  hard  copy  listings. 


This  screen  was  included  to  identify  same  day  surgery  admissions  in  New  Jersey.  The  original  New  Jersey  file 
had  22.7%  of  admissions  with  a  zero  LOS,  and  a  higher  proportion  of  surgery  DRGs  than  expected  (35.5%).  We 
flagged  only  those  discharges  with  discharge  status  =  1  (home/self-care)  to  avoid  erroneously  flagging  deaths  or 
transfers.  We  also  excluded  maternity  and  neonate  admissions  (DRGs  370-391)  from  the  flag  screen  since  they  are 
often  coded  with  zero  LOS. 
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Summary  Results 

Editing  Results.  Tables  related  to  the  state  discharge  files  and  the  editing  process  have 
been  collected  in  Append.x  B  of  this  report.  The  first  of  these  tables,  Table  B-l,  summarizes  the 
effects  of  the  editing  process  on  the  sample  size.  The  first  column  represents  the  number  of 
hospitals  included  on  the  raw  files  rece.ved  from  CRG.  The  second  column  presents  the  number 
of  hospitals  after  the  hospital-level  edit  deleted  and  recoded  hospital  IDs.  The  third  column 
includes  the  counts  of  hospitals  after  delet.on  and  recoding  of  hospital  IDs,  and  after  excluding  all 
flagged  admissions.  The  fourth  column  identifies  the  percentage  of  dropped  hospitals,  that  is, 
((column  1  -  column  3)/column  1 ).  The  remaining  four  co.umns  present  the  same  information  for 
discharges.  As  can  be  seen  from  Table  B-l,  a  total  73  hospitals  and  251,81 1  admissions  were 
deleted  from  the  file  by  the  deletion  and  recoding  of  hospital  IDs.  An  additional  45  hospitals  and 
1 .05  million  admissions  are  excluded  if  flagged  admissions  are  deleted.  In  total,  our  editing 
removed  5.15%  of  the  hospitals  and  7.23%  of  the  admissions  included  in  the  original  CRG  files. 
The  highest  percentages  of  excluded  admissions  are  found  in  California  (13%),  New  Jersey 
(21%),  New  York  (12%),  Oregon  (10%),  and  Rhode  Island  (13%). 

Table  B-2  provides  information  on  the  underlying  causes  for  the  observed  exclusions.  It 
presents  the  number  of  flagged  admissions  and  the  distribution  by  type  of  flag.  Nearly  1 1  percent 
of  California  admissions  were  flagged  because  they  were  in  Kaiser  hospitals  and  100  percent  of 
admissions  had  a  zero  charge.  Nearly  21  percent  of  New  Jersey  admissions  were  flagged  because 
they  met  the  criterion  for  same  day  surgery  claims.  Ten  percent  of  New  York  admissions  were 
flagged  because  they  were  zero  charges.  Unlike  several  other  states,  the  distribution  of  zero 
charge  admissions  in  New  York  was  not  concentrated  in  a  few  hospitals,  but  instead  was 
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distributed  across  the  state.  We  further  analyzed  the  zero  charge  admissions  in  New  York  and 
found  that  they  were  also  distributed  widely  across  payer  sources  (26%  Medicare,  31%  Medicaid. 
30%  Private.  4%  HMO.  6%  Self  Pay).  The  zero  charge  admissions  were  frequently  concentrated 
in  maternity  and  neonate  DRGs.  A  large  number  of  admissions  were  flagged  in  Oregon,  largely 
because  of  two  Kaiser  facilities  with  100%  of  admissions  with  zero  charges.  Rhode  Island  had  a 
significant  number  of  records  flagged,  due  primarily  to  a  single  hospital  with  100%  admissions 
with  zero  charges.  Similarly,  the  bulk  of  admissions  flagged  in  Washington  were  attributable  to  a 
single  hospital  with  94%  of  its  admissions  with  zero  charge. 

Summary  Statistics.  Tables  B-3  and  B-4  present  summary  statistics  for  the  19  state  files 
before  and  after  editing.  Note  that  Table  B-3  is  based  on  the  admissions  files  after  the  first  round 
of  editing  (removal  and  recoding  of  hospital  IDs)  rather  than  the  original  CRG  files.  Overall,  the 
CRG  files  have,  on  average,  more  admissions  than  HCRIS  and  AHA.  Prior  to  editing,  CRG  files 
had  12  percent  more  admissions  than  HCRIS  and  1 1  percent  more  than  AHA.  After  editing, 
those  percentages  decline  to  8%  and  9%,  respectively.  After  editing,  the  largest  difference  (in 
terms  of  CRG  reporting  more  admissions)  is  found  in  California,  with  CRG  reporting  16%  more 
admissions  than  HCRIS  and  14%  more  admissions  than  AHA.  At  the  other  extreme,  Iowa 
reports  14%  fewer  admissions  than  HCRIS  and  32%  fewer  admissions  than  AHA.  The  data  from 
Iowa  are  carrier-reported  rather  than  hospital-reported  and  it  is  likely  that  not  all  admissions  are 
reported.4  After  screening  for  same  day  surgery,  the  number  of  admissions  in  New  Jersey,  is  very 
close  to  those  reported  on  HCRIS  and  AHA. 


"^This  is  also  reflected  in  the  odd  payer  mix  of  Iowa  discharges.  As  will  be  seen  in  a  subsequent  table,  the 
Iowa  file  identifies  three  payer  sources  with  the  percentage  of  admissions  categorized  as  50.6%  Medicare,  17.6% 
Medicaid,  and  12.4%  other/unknown. 
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After  excluding  the  admissions  with  zero  and  other  anomalous  lengths  of  stay,  the  average 
LOS  declined  from  6.2  days  to  6.1.  The  mean  charge  per  admission  increased  from  $8,025  to 
58,288.  Other  significant  changes  are  obvious  (e.g.,  New  Jersey  admissions  with  zero  LOS 
dropped  from  22.7%  to  2.3%).  In  general,  although  the  quality  of  the  data  have  been  significantly 
improved  by  our  editing  process,  Tables  B-3  and  J3-4  demonstrate  that  the  underlying 
characteristics  of  the  admission  data  have  not  been  dramatically  altered. 

Table  B-5  presents  tabulations  that  are  based  on  the  files  after  deleting  hospitals  and 
excluding  flagged  admissions.  In  general,  the  summary  variables  presented  look  reasonable  across 
all  the  states,  and  there  is  a  high  degree  of  consistency  across  the  19  states.  The  one  notable 
exception  is  the  previously  mentioned  payer  distribution,  and  the  higher  average  age  in  Iowa, 
suggesting  that  reported  claims  do  not  include  all  payer  sources. 
C.       Calculating  Relative  DRG  Weights 

In  concept,  the  calculation  of  relative  weights  is  very  simple-for  a  given  payer  grouping, 
for  a  given  DRG  grouper,  mean  charges  per  admission  for  each  DRG  are  divided  by  the  mean 
charge  for  all  admissions.  However,  several  refinements  to  this  procedure  are  recommended.  As 
noted  above,  since  charges  vary  in  relation  to  an  area's  input  prices,  charges  should  be  deflated 
for  these  differences  before  they  are  employed  to  calculate  weights.  Discharges  with  extreme 
values  must  be  identified  and  dropped.  Those  in  DRGs  for  which  no  payment  is  made  (i.e.,  469 
and  470)  must  also  be  dropped.  Lastly,  DRGs  with  insufficient  numbers  of  cases  to  calculate  a 
stable  mean  charge  (i.e.,  low-volume  DRGS)  musl  be  identified  and  corrected.  The  methods 
utilized  to  address  these  issues  are  discussed  fully  here. 
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Deflating  Charges 

Each  claim  in  the  CRG  data  is  a  hospital  discharge  and  includes  (among  other  things)  the 
Medicare  hospital  identification  number,  the  DRG  (HCFA  version  11;  NYS  version  9),  and  the 
total  submitted  charges.  Submitted  charges  are  for  all  costs,  i.e.,  operating,  capital,  etc.  Each  of 
the  16.7  million  discharges  was  linked  with  a  hospital  record  based  on  the  Medicare  hospital 
identification  number.  The  hospital  record  includes  numerous  hospital  characteristics,  e.g.,  bed 
size,  urban/rural  location,  the  intern-  and  resident-to-bed  ratio. 

In  the  normal  recalibration  of  the  Medicare  PPS  weights,  submitted  charges  are  adjusted 
for  several  factors:  performance  of  transplants  in  Medicare-designated  facilities,  teaching  status, 
disproportionate  share  status,  etc.  [see,  for  example,  Federal  Register  September  1,  1993, 
pp.46290-46291].  Since  we  are  in  the  process  of  developing  an  allpayer  payment  methodology,  it 
is  inappropriate  to  adjust  for  many  of  the  factors  that  are  adjusted  in  recalibrating  Medicare  PPS 
weights.  For  example,  private  insurers  do  not  recognize  centers  of  excellence  for  the  purposes  of 
transplants  and  the  final  allpayer  payment  methodology  may  not  include  the  same  hospital 
payment  adjustors  currently  used  in  Medicare  (e.g.,  disproportionate  share  status).  Even  if  the 
final  allpayer  payment  formula  were  to  include  all  of  these  adjustors,  they  would  not  necessarily 
be  of  the  same  magnitude  as  those  used  in  Medicare. 

Since  we  are  conceptually  constructing  a  payment  system  from  "scratch",  charges  are 
adjusted  only  for  cross-sectional  price  variations.  To  do  so,  the  total  charge  is  adjusted  using  the 
geographic  adjustment  factor  developed  in  the  Final  Capital  PPS  regulation  Federal  Register 
August  30,  1991,  pp.  43369-43375].  In  regulation,  this  adjustor  was  developed  using  a  hospital 
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level  average  cost  function  regression  in  which  total  costs  (operating  and  capital)  were  the 
dependent  variable.  The  argument  was  made  that  since  capital  costs  are  being  transitioned  into 
PPS,  ultimately  a  set  of  "unified"  (i.e.,  applicable  to  both  operating  and  capital  costs)  payment 
adjustors  will  be  necessary.  Among  other  variables,  the  HCFA  area  wage  index  used  to  adjust 
operating  costs  for  PPS  was  entered  as  a  regressor. 

Essentially  the  regression  yields  a  coefficient  that  is  used  to  adjust  the  operating  cost  area 
wage  index  [WI]  to  produce  a  geographic  adjustment  factor  applicable  to  both  operating  and 
capital  costs:  WI  6848.  It  is  this  exponentially  adjusted  wage  index  that  we  will  use  to  adjust  total 
charges  for  cross-sectional  price  variations.  This  adjustment  is  referred  to  as  the  "unified 
geographic  adjustment  factor  [UGAF]." 

Crosswalking  Discharges  Between  the  HCFA  Grouper  and  the  NYS  Grouper 

Neonate  Discharges.  One  complication  we  encountered  is  a  large  disagreement  between 
the  number  of  cases  classified  as  ungroupable  (DRG  470)  using  the  HCFA  grouper  ( 1 1 1,338; 
0.7%)  and  the  number  classified  as  such  using  the  NYS  grouper  (1,873,041;  1 1.0%). 

For  cases  classified  in  NYS  DRG  470,  we  ran  a  frequency  distribution  by  HCFA  DRG  and 
found  that  86  percent  of  the  cases  are  categorized  as  HCFA  DRG  389,  full-term  neonate  with 
major  problems  (7.2  percent);  DRG  390,  neonate  with  other  significant  problems  (14.1%),  and 
DRG  391,  normal  newborn  (64.9%).  Thus,  about  1,614,561  cases  classified  in  three  birth-related 
HCFA  DRGs  are  classified  as  ungroupable  when  the  NYS  DRG  grouper  is  used.  This  probably 
occurs  because  the  true  destination  for  these  cases  are  NYS  DRGs  602-603  (neonates  classified 
by  specific  weight),  but  discharge  claims  often  do  not  report  birth  weights. 

To  address  this  problem  we  developed  a  sorting  model  based  on  DRG  and  mean  charges. 
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That  is,  discharges  in  HCFA  neonate  DRGs  (i.e.,  385-391)  that  were  properly  classified  to  a  NYS 
neonate  DRG  (i.e.,  602-630)  were  used  to  develop  a  crosswalk  for  the  discharges  that  were 
classified  as  ungroupable  (DRG  470).  Based  on  the  percentage  distribution  and  mean  charges  for 
properly  classified  cases,  we  developed  rules  to  sort  cases  classified  as  neonates  using  the  HCFA 
DRGs  into  comparable  NYS  DRGs  (instead  of  into  the  ungroupable  DRG).  This  process  was 
also  used  to  crosswalk  a  small  number  of  HCFA  DRG  neonate  cases  that  were  classified  in  NYS 
DRG  469  (invalid  diagnosis). 

Discharges  <17  Years  Old-  There  are  several  HCFA  DRGs  for  patients  aged  <17  that 
have  no  direct  counterpart  in  the  NYS  DRGs.  For  example,  HCFA  DRG  91  simple  pneumonia  0- 
17  and  HCFA  DRG  98  bronchitis  and  asthma  0-17.  This  is  because  these  cases  are  presumably 
classified  elsewhere-NYS  DRGs  772  and  773  simple  pneumonia  <18  with  and  without  cc, 
respectively  and  NYS  DRGs  774  and  775  bronchitis  and  asthma  <18  with  and  without  cc, 
respectively.  However,  we  found  that  the  discharge  counts  often  did  not  agree.  For  example, 
HCFA  DRG  91  has  80  thousand  discharges  while  NYS  DRGs  772  and  773  total  only  50 
thousand  discharges. 

There  are  two  potential  explanations:  a)  based  on  ICD-9  codes,  the  cases  are  being 
correctly  classified  in  other  DRGs  and  b)  like  the  neonate  discharges,  some  of  the  discharges  are 
being  classified  as  ungroupable  in  the  NYS  grouper  (i.e.,  DRG  470).  We  ran  a  frequency 
distribution  for  HCFA  DRGs  with  age  <17  that  had  no  direct  counterpart  NYS  DRG.  This 
analysis  suggested  that  a  relatively  small  percentage  (27  percent)  of  these  discharges  are  being 
classified  as  ungroupable.  Again,  we  developed  and  applied  algorithms  based  on  discharges  that 
properly  cross-walked  between  the  HCFA  and  NYS  DRGs  to  these  discharges. 
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After  crosswalking  discharges,  there  were  roughly  comparable  proportions  and  discharges 
in  DRG  470  using  the  HCFA  grouper  (0.7  percent)  and  the  NYS  grouper  (1.5  percent). 
Prospective  payment  systems  typically  do  not  reimburse  for  DRGs  469  Invalid  Diagnosis  Code 
and  470  Ungroupable.  After  completing  the  crosswalk  of  discharges  discussed  above,  discharges 
in  DRGs  469  and  470  were  removed  from  the  database. 
Trimming  Extreme  Values 

All  large  scale  claims  databases  have  extreme  values  that  need  to  be  addressed  before 
analysis  is  undertaken.  For  example,  each  year  when  HCFA  recalibrates  its  DRG  relative  weights, 
discharges  with  extreme  values  are  excluded.  Following  the  HCFA  precedent,  discharges  outside 
3.0  standard  deviations  of  the  geometric  mean  of  the  DRG  were  excluded.  Table  II- 1  reports  the 
number  of  admissions,  mean  charge,  coefficient  of  variation  [CV],  minimum  charge,  maximum 
charge,  and  percentage  of  discharges  excluded  by  payer  category  and  grouper.  Trimming  at  3 
standard  deviations  has  very  consistent  impacts  across  payers  and  groupers.5  The  impact  of 
trimming  ranges  from  0.6  percent  of  Medicare  discharges  to  0.9  percent  of  Medicaid  discharges. 
Across  all  payers,  trimming  removes  0.7  percent  of  discharges  (approximately  1 17,000 
discharges).  In  all  instances,  the  CVs,  minimums  and  maximums  are  improved  considerably  (e.g., 
CV=2.50  for  all  payers  before  trimming  compared  with  1.83  for  HCFA  DRGs  and  1.85  NYS 
DRGs  after  trimming). 


Trimming  impacts  vary  by  grouper  because  the  trimming  criterion  is  DRG-specific  and  the  1 6.7  million 
discharges  in  the  CRG  data  are  classified  into  489  DRGs  using  the  HCFA  grouper  and  616  DRGs  using  the  NYS 
DRGs.  Thus,  the  number  of  discharges  in  a  given  DRG  can  vary  between  the  groupers. 
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Given  the  heterogeneity  among  DRGs,  Table  II-2  provides  a  better  sense  of  the  impact  of 
trimming  by  reporting  the  impact  of  trimming  for  a  selected  group  of  high  volume  medical  and 
surgical  DRGs  (HCFA  grouper,  allpayers).  Thus  for  DRG  391  normal  newborn,  trimming 
removed  0.4  percent  of  discharges  and  dramatically  improved  the  CV,  minimum  value  and 
maximum  value  (before:  CV=1.00,  minimum=$l  ;  maximum=$  185,830;  after:  CV=.56; 
minimum=$128;  maximum=$3,557). 

Considerably  more  effort  to  explore  the  impacts  of  trimming  was  undertaken  than  is 
reported  here.  For  the  purposes  of  testing  sensitivity,  we  also  examined  the  impact  of  trimming  at 
2.5  times  the  DRG  (geometric)  mean.  We  also  explored  the  impacts  of  truncating  charges  (at  3 
and  2.5  standard  deviations)  instead  of  excluding  cases.  All  of  these  alternatives  had  similar 
impacts  to  the  criterion  chosen. 

The  small  number  of  cases  excluded  by  the  trimming  criterion  (e.g.,  0.7  percent  for 
allpayers)  might  surprise  some.  Recall  however,  that  the  data  were  screened  extensively  prior  to 
beginning  the  construction  of  the  weights. 
Low- Volume  DRGs 

Mean  charges  for  each  DRG  (HCFA,  NYS  grouper)  and  each  payer  category  (allpayers, 
Medicare,  Medicaid,  private,  and  NonMedicare)  can  now  be  calculated.  However,  some  of  the 
means  are  based  on  very  few  cases  (low-volume  DRGs)  raising  the  concern  that  the  weight 
developed  from  these  means  would  be  unstable. 
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To  identify  low-volume  DRGs,  we  have  used  the  criterion  used  in  the  development  of  the 
original  Medicare  PPS  weights  (Pettengill  and  Vertrees,  1983).6  Although  there  are  clear 
precedents  for  a  10  case  minimum,7  we  have  chosen  to  use  the  original  criterion  for  several 
reasons.  First,  the  Pettengill  and  Vertrees  criterion  was  used  in  the  development  of  the  original 
DRG  weights  and  as  noted  above  we  are  creating  a  new  payment  scheme  and  several  new  sets  of 
weights.  The  flat  10  case  minimum  has  only  been  used  since  the  development  of  the  original 
weights.  Second,  the  original  criterion  is  more  defensible  methodologically:  it  is  based  on  the 
mean,  variance,  and  number  of  cases  for  each  DRG  (as  opposed  to  an  arbitrarily  selected  cut-off 
applied  to  all  DRGs).  Thus  even  a  DRG  with  500  cases  can  be  categorized  as  "low-volume"  if 
the  cases  are  extremely  heterogeneous. 

Table  II-3  reports  the  number  and  percentage  of  low-volume  DRGs  by  payer  category  and 
grouper.  Table  II-3  also  reports  the  number  of  discharges  accounted  for  by  these  DRGs. 
Admissions  in  low-volume  DRGs  rarely  exceed  0.5  percent  of  all  admissions  in  the  payer 
category.  Tables  II-4A  through  II-4E  and  II-5A  through  II-5E  report  the  specific  DRGs  that 
were  low- volume  by  payer  category  (respectively  for  the  HCFA  grouper  and  the  NYS  grouper). 

Correcting  Low-Volume  DRGs  for  Medicare.  Medicaid.  Private,  and  Non Medicare  For 
specific  payers  (i.e..  Medicare,  Medicaid,  private),  our  strategy  is  to  substitute  aggregations  of 
comparable  payer  groups  to  "fill-in"  the  gaps.  Thus, 


''Based  on  the  DRG  mean  and  coefficient  of  variation,  that  criterion  yields  the  number  of  claims  needed  to 
estimate  a  DRG  mean  within  10  percent  of  the  true  mean  90  percent  of  the  time.  The  calculation  for  the  ith  DRG  is  N:  = 
((16.5)s/X,)2.  Additionally,  since  the  criterion  will  fail  for  any  DRG  with  zero  or  one  discharge,  such  DRGs  were  also 
identified  as  low-volume. 

7For  the  purposes  of  recalibrating  DRGs,  HCFA  requires  the  DRG  to  have  10  cases;  the  10  case  rule  is  also 
used  by  the  New  York  State  Department  of  Health. 
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•If  DRG  weights  for  the  Medicaid  or  private  (i.e.,  NonMedicare/NonMedicaid)  categories 
are  identified  as  low-volume  then  the  nonmedicare  payer  weight  is  substituted  (i.e.,  the 
aggregation  of  the  Medicaid  and  private  populations). 

•If  DRGs  for  the  Medicare  or  NonMedicare  categories  are  identified  as  low-volume,  then 
the  allpayer  weight  is  substituted  (i.e.,  the  aggregation  of  allpayers). 

The  logic  for  substituting  the  nonmedicare  weights  for  low-volume  Medicaid  and  private  weights 
is  that  weights  excluding  the  Medicare  (i.e.,  elderly)  population  are  more  comparable  than 
allpayer  weights.  Regression  analysis  confirms  this:  Medicaid  weights  are  more  proportional  to 
NonMedicare  weights  than  to  allpayer  weights.8  Even  though  our  analysis  suggests  that 
NonMedicare  weights  more  closely  resemble  private  (i.e.,  NonMedicare/NonMedicaid)  weights, 
we  are  forced  to  substitute  allpayer  weights  because  in  all  instances  where  the  NonMedicare 
weight  is  low-volume  so  too  is  the  private  weight.  Finally,  we  substitute  allpayer  weights  for  low- 
volume  Medicare  weights  because  these  appear  to  be  the  closest  substitute  on  conceptual 
grounds. 

Correcting  Low- Volume  DRGs  for  Allpayers.  The  obvious  problem  is  correcting  the  DRG 
weight  for  allpayers  when  it  is  low-volume.  There  are  several  approaches,  none  of  which  is 
entirely  satisfactory.  The  first  (and  most  straightforward)  is  to  simply  accept  the  calculated 
weight  (i.e.,  make  no  correction).  The  argument  being  that  basing  the  weight  on  data  from  19 
CRG  states  is  the  best  one  can  do.  A  second  approach  is  to  find  a  clinically  close  DRG  from 
among  the  DRGs  with  sufficient  volume  whose  weight  can  serve  as  a  proxy.  Thus,  if  DRG  330 
(urethral  stricture  aged  0-  17  without  cc)  is  low- volume,  one  might  substitute  the  weight  for  DRG 
329  (urethral  stricture  age  >  17  without  cc).  This  approach  is  workable  for  the  HCFA  grouper. 

8 

Appendix  C  reports  more  detailed  discussion  supporting  the  logic  of  these  substitutions. 
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However,  much  of  the  low-volume  problem  for  the  NYS  grouper  pertains  to  neonate  and  HIV 
DRGs  where  close  substitutes  are  also  usually  low-volume.  A  third  approach  is  to  accept  a 
weight  from  an  alternative  source,  namely  weights  currently  used  by  New  York  Department  of 
Health  (NYDOH)  to  pay  its  hospitals.  The  arguments  for  accepting  the  NYDOH  weights  over 
the  CRG  computed  weights,  when  in  many  instances  they  too  may  be  based  on  few  cases  are  as 
follows: 

•  When  we  regressed  our  nonMedicare  weights  calculated  from  the  CRG  data  for 
sufficient  volume  DRGs  on  the  NYDOH  weights,  we  found  an  extremely  close  fit 
(R2=.94;  b=.98;  p  <.01).  The  regression  coefficient  is  not  statistically  different  from  1  at 
the  95  percent  confidence  level.  Thus,  the  CRG  weights  and  the  NYDOH  weights  for 
comparable  populations  are  very  similar.  This  would  suggest  that  we  could  use  either 
the  weights  calculated  from  CRG  data  or  the  NYDOH  weights  to  substitute  for  low- 
volume  allpayer  weights.  We  chose  to  use  the  NYDOH  weights  to  substitute  for  the 
following  two  reasons. 

•  The  NYDOH  weights  have  been  used  to  pay  New  York  hospitals  since  January  1988, 
and  thus  have  the  credibility  of  having  been  used  for  payment  purposes. 

•  The  NYDOH  weights  have  gone  through  several  revisions  and  various  analyses  have 
been  undertaken  that  should  provide  greater  stability  to  the  low-volume  DRGs:  a)  in 
establishing  the  initial  weights,  a  panel  of  nurses  and  expert  consultants  were  assembled 
to  determine  the  relative  nursing  costs  for  each  DRG;  b)  for  most  low-volume  DRGs, 
NYDOH  obtained  cases  from  specialized  hospitals  exempt  from  prospective  payment 
(e.g.,  burn  patients)  to  create  weights  in  nonexempt  hospitals;  and  c)  for  low  volume 
DRGs  where  NYDOH  was  unable  to  obtain  data  from  specialized  hospitals,  NYDOH 
combined  comparable  DRGs,  computed  weights,  and  used  the  same  weight  for  both 
DRGs  (much  like  our  second  proposed  solution). 


Thus,  when  allpayer  weights  are  identified  as  low-volume  (whether  in  the  HCFA  grouper  or  the 
NYS  grouper),  the  NYDOH  weight  is  substituted.  There  is  one  exception-in  the  HCFA  grouper, 
DRG  405  acute  leukemia  without  major  OR  procedures  age  0-17  has  no  direct  counterpart  in  the 
NYS  DRGs  (NYS  DRGs  breaks  out  leukemia  into  several  DRGs  (780,  781,  etc.).  In  the  case  of 
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HCFA  grouper  DRG  405,  the  weight  for  NYS  DRG  780  acute  leukemia  without  major  OR 
procedures  age  <18  w  cc  is  substituted. 

Rescaling  Weights-  Note  that  weights  from  one  payer  category  (e.g.,  NonMedicare) 
cannot  be  directly  substituted  into  another  (e.g.  Medicaid)  because  the  mean  charge  per  discharge 
for  all  admissions  vary  across  payers.  For  example,  the  mean  charge  for  Medicaid  discharges  is 
$6022  while  the  mean  for  NonMedicare  discharges  is  $5528  (using  the  HCFA  grouper).  In  other 
words,  the  "source"  weight  must  be  rescaled  to  the  "target"  weight's  mean  charge.  This  can  be 
accomplished  in  several  ways  (e.g.,  using  charges  and  renormalizing;  using  weights  directly  and 
rescaling;  using  regression  analyses  to  impute).  Using  DRGs  with  sufficient  volume,  we 
calculated  the  mean  DRG  weight  for  the  source  payer  and  the  target  payer  using  the  target  payer's 
discharges  to  weight.  For  example,  when  one  weights  Medicaid  and  NonMedicaid  DRG  weights 
using  Medicaid  discharges,  mean  weights  of  1.00  and  .85,  respectively,  are  obtained.  Thus  to 
rescale  a  NonMedicare  weight  to  substitute  for  a  low-volume  Medicaid  weight,  it  is  multiplied  by 
1.176  (1.0O/.85). 
Relative  Weights 

Appendix  Tables  C2-1  (HCFA  DRGs),  and  C2-2  (NYS  DRGs)  report  relative  weights, 
mean  charges,  mean  LOS,  number  of  admissions,  and  low  volume  designations  for  each  DRG  by 
payer  category. 
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Table  II- 1 


The  Impact  of  Excluding  Discharges  Exceeding 
the  DRG  Geometric  Mean  by  Three  Standard  Deviations 


Mean 

CV 

Minimum 

Maximum 

Percentage 
of 

Admissions 
Dropped 

All  Payers  (n=  16,7 12.671) 

Before  Trimming 

$7,865 

2.50 

$1 

$9,852,112 

n.a. 

After  Trimming 
HCFA  DRGs 
NYS  DRGs 

$7,540 
$7,603 

1.83 
1.85 

$12 
$10 

$1,435,259 
$1,610,687 

0.7 
0.7 

Medicare  (n=5,289,275) 

Before  Trimming 

$11,294 

2.26 

$1 

$9,769,790 

n.a. 

After  Trimming 
HCFA  DRGs 
NYS  DRGs 

$10,795 
$10,904 

1.44 
1.46 

$65 
$65 

$1,218,272 
$1,218,271 

0.6 
0.6 

Medicaid  (n=2,994, 161) 

Before  Trimming 

$5,917 

3.28 

$1 

$9,852,112 

n.a. 

After  Trimming 
HCFA  DRGs 
NYS  DRGs 

$5,538 
$5,574 

2.39 
2.39 

$14 
$14 

$1,350,452 
$1,350,452 

0.9 
0.9 

[Private]  Non-Medicare/Non-Medicaid  (n=8,429,455) 

Before  Trimming 

$6,405 

2.28 

$1 

$5,576,455 

n.a. 

After  Trimming 
HCFA  DRGs 
NYS  DRGs 

$6,205 
$6,248 

2.01 
2.03 

$12 
$10 

$1,435,259 
$1,610,687 

0.7 
0.7 
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Table  II-2 


Impact  of  Excluding  Discharges  Exceeding  (lie  DRG  (geometric)  mean  by  3  Standard  Deviations 

(Selected  DRGs;  HCFA  Grouper) 


nc 

lore  Trimming 

Alter  Trimming 

lilt?  /'hornac 

IVlSCIldl  gLS 

Mean 

CV 

Mill 

Max 

Mean 

CV 

Min 

Max 

Percentage 
of 

Discharges 
Dropped 

Medical 
391 

1,396,321 

790 

1.00 

185.830 

772 

.56 

128 

3,557 

0.4 

373 

1,328,674 

2,377 

.57 

257.215 

2,331 

.40 

619 

7.569 

0.9 

127 

932.954 

8.225 

1.70 

2.476.391 

7,780 

.83 

709 

52,887 

0.7 

430 

315.850 

9.483 

2.18 

5,107,143 

9,115 

.96 

415 

96,002 

0.5 

390 

308.741 

1.349 

2.28 

1 

857,057 

1.170 

.95 

96 

8,817 

1.3 

14U 

283.044 

4,764 

2.29 

1 

1,898.413 

4,536 

.64 

619 

23.861 

0.6 

89 

255,000 

9,682 

2.71 

3 

6,087.207 

9,013 

.83 

810 

61.915 

0.7 

1  A 

14 

234,348 

10,1 12 

1.53 

1 

2,090,028 

9,651 

.91 

713 

73.984 

0.7 

1   4  1 

143 

|  11/     r\  -»  ■» 

186,232 

3,680 

1.78 

5 

2,405.952 

3,594 

.60 

547 

17,384 

0.5 

Surgical 
371 

347,012 

5,096 

2.22 

24 

5,576,455 

4,966 

.37 

1,445 

15,134 

0.9 

359 

219.737 

5.825 

.60 

3 

961,726 

5,783 

.41 

1,509 

18,853 

0.8 

209 

188,366 

18.647 

.94 

5,189,535 

18,219 

.40 

4,810 

59  876 

1  H 
1  At 

112 

155.820 

15,022 

.68 

387,183 

14.927 

.60 

1,986 

79,245 

1.0 

215 

140,447 

7,930 

.98 

985,233 

7.770 

.64 

1,135 

38,742 

0.5 

174 

137.532 

7.858 

2.16 

2,750,000 

7.304 

HI 

702 

48,481 

0.8 

148 

121,686 

24.229 

1.49 

5,870,058 

22,836 

.83 

2,329 

145,427 

0.8 

198 

121,466 

6.153 

.84 

570,662 

6,097 

.51 

1,103 

26,005 

0.8 

370 

112.965 

6.838 

1.71 

66 

3,314,696 

6,363 

.57 

1,178 

28.033 

1.3 
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Table  II-3 

Number  and  Precentage  of  Low- Volume  DRGs  by  Grouper1 


DRGs 

Number  of 
Low- 

N 

% 

Volume 
Admissions 

HCFA  DRGs  N=489 

All-Payer 

6 

1.2 

1.286 

Medicare 

65 

13.3 

4.031 

Medicaid 

45 

9.2 

6,109 

Non-Medicare 

8 

1.6 

2,091 

Private  (Non-Medicare/Non-Medicaid) 

9 

1.8 

1,759 

NYS  DRGs  N=616 

All-Payer 

20 

3.2 

4,797 

Medicare 

131 

21.3 

6,989 

Medicaid 

82 

13.3 

11.883 

Non-Medicare 

21 

3.4 

4.588 

Private  (Non-Medicare/Non-Medicaid) 

28 

4.5 

5,061 

'Low-volume  defined  using  Pettergill  and  Venrees  decision  criteria  or  if  the  DG  bad  zero  or  1  discharge. 
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Table  H-4A 

HCPA  GROUPER  LOW  VOLUME  ORGS  FOR  ALL  PAYERS 


DRGDES 


f  OF 
DISCHARGES 


330: URETHRAL  STRICTU  54 

3  51: STERILIZATION,   M  30 

405:ACUTE  LEUKEMIA  W  290 

412:HISTORY  OF  MALIG  137 

456: BURNS, TRANS  TO  A  517 

457 : EXTENSIVE  BURNS  258 


low  volume  defined  using  Pectengiii  and  Vertree's  precision  criceri 
one  discharge. 
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Table  H-4B 


HCPA  GROUPER  LOW  VOLUME  DRGS  FOR  MEDICARE  PAYERS1 


DRGDE5 


#  OF 
DISCHARGES 


0  03 : CRANIOTOMY  AGE  0  8 

026: SEIZURE  &  HEADAC  33 

03  0:TRAUM  STUPOR  &  C  3  5 

03  3 : CONCUSSION  AGE  0  34 

041: EXTRAOCULAR  PROC  3 

043 : HYPHEMA  35 

048:OTH  DISORDER  OF  5 

052: CLEFT  LIP  &  PALA  85 

058:TScA  PROC  EX  TONS  5 

0  60:TONSILLECT  &/OR  22 

061 : MYRINGOTOMY  W  TU  193 

062 : MYRINGOTOMY  W  TU  6 

070:OTITIS  MEDIA  &  U  64 

07 1 : LARYNGOTRACHEITI  96 

074:OTH  EAR, NOSE, MOU  10 

081:RESP  INFECT  &  IN  112 

137:CARD  CONGEN  &  VA  5 

156 : STOMACH, ESOPH  &  n 

i 63: HERNIA  PROCEDURE  19 

186 :DENT, ORAL  DIS  EX  8 

190 : OTHER  DIGESTVE  79 

22  0 :LW  EXT, HUM  PROC  19 

252:FX,SPR,STR,DSL  F  9 

255:FX,SPR,STR,DSL  U  48 

27  5 : MALIGNANT  BREAST  211 

279  CELLULITIS  AGE  O  69 

282: TRAUMA  SKN, SUBCU  31 

3 14: URETHRAL  PROCEDU  l 

3  27 :KIDNY, URIN  TRACT  H 
3  3  0: URETHRAL  STRICTU 

333:OTH  KIDNEY  &  URI  157 

3  40: TESTES  PROCEDURE  4 

343 : CIRCUMCISION  AGE  2 
3  51 : STERILIZATION,  M 

3  62  ENDOSCOPIC  TUBAL  4 

375:VAGIN  DEL IV  WO.  2 

376:POSTPART  &  POST  105 

377:POSTPART  &  POST  22 

379  THREATENED  ABORT  260 

380: ABORTION  W/O  D&C  51 

3  82: FALSE  LABOR  61 

384:OTH  ANTEPARTUM  D  105 

3  85: NEONATES, DIED  OR  48 

386: EXTREME  IMMATUR,  25 

3 87 : PREMATURITY  W  MA  28 

388: PREMATURITY  W/O  42 

3 89: FULL  TERM  NEONAT  134 

393  SPLENECTOMY  AGE  2 

3  96: RED  BLOOD  CELL  D  42 

4  05: ACUTE  LEUKEMIA  W 

411: HISTORY  OF  MALIG  90 

412:HISTORY  OF  MALIG  82 


Low  volume  defined  using  Pectengxii  s.  Vercree's  precision  criterion  or  if  the  ORG  f.aa  zero 
or  one  discharge. 
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Table  II-4B,  cont. 


HCPA  GROUPER  LOW  VOLUME  ORGS  FOR  MEDICARE  PAYERS  (CONT.) 
DRGDES 


•  OF 

DISCHARGES 


417 : SEPTICEMIA  AGE  0  125 

446:MULTIPLE  TRAUMA  9 

448: ALLERGIC  REACTIO  3 

451 : POISON, TOXIC  EFF  51 

456 : BURNS, TRANS  TO  A  79 

457 : EXTENSIVE  BURNS  63 

459:NON-EXT  BURNS  W  240 

465 : AFTERCARE  W  HIST  315 

472 : EXTENSIVE  BURNS  87 

480: LIVER  TRANSPLANT  134 

481: BONE  MARROW  TRAN  22 

484  CRANIOTOMY  FOR  M  129 

492: CHEMOTHER  W/  ACU  140 


'dm  g  >,m.m\&37Suvon»6i  wp(  10  3tem 


Table  II-4C 


HCPA  GROUPER  LOW  VOLUME  DRGS  FOR  MEDICAID  PAYER1 

■  OF 

DRGDES  DISCHARGES 

006: CARPAL  TUNNEL  RE  96 

023 : NONTRAUMATIC  STU  409 

038  :  PRIMARY  IRIS  PRO  7  3 

051: SALIVARY  GLAND  P  59 

0  61 : MYRINGOTOMY  W  TU  105 

10  3: HEART  TRANSPLANT  95 

117:CARD  PACEMKR  REV  91 

129:CARDIAC  ARREST,  348 

199 : HEPATOBIL  DIAGNO  139 

2  0  0: HEPATOBIL  DIAGNO  435 
237 :SPRAIN, STRAIN, DI  198 
27  5 : MALIGNANT  BREAST  105 
293:OTH  ENDOCR , NUTRI  85 
3 0 6 : PROSTATECTOMY  W  149 

3  07 : PROSTATECTOMY  W/  89 
314: URETHRAL  PROCEDU  87 
319: KIDNEY  fic  URINARY  94 
3  28: URETHRAL  STRICTU  81 
3  29: URETHRAL  STRICTU  43 
3 3 0 : URETHRAL  STRICTU  16 
3  42 : CIRCUMCISION  AGE  45 
343 :CIRCUMCISION  AGE  152 
344:OTH  MALE  REPRO  S  59 
345:OTH  MALE  REPRO  S  83 
346 : MALIGNANCY ,  MALE  19  6 
3  47 : MALIGNANCY,  MALE  56 
348: BENIGN  PROSTATIC  89 
3  49: BENIGN  PROSTATIC  81 

3  51  STERILIZATION,  M 

405:ACUTE  LEUKEMIA  W  81 

407:MYEL  DIS,PRLY  DI  105 

411: HISTORY  OF  MALIG  3  5 

412: HISTORY  OF  MALIG  14 

414:OTH  MYEL  DIS,POO  218 

432: OTHER  MENTAL  DIS  3  63 

4  56: BURNS, TRANS  TO  A  110 
457 :EXTENSIVE  BURNS  52 
459:NON-EXT  BURNS  W  386 
4 6 5 : AFTERCARE  W  HIST  37 
472 : EXTENSIVE  BURNS  177 
47-3  :ACU  LEUKEMIA  W/O  221 
47  6 : PROSTATIC  O.R  P  127 
480:LIVER  TRANSPLANT  225 
481: BONE  MARROW  TRAN  13  9 
492  .-CHEMOTHER  W/ACUT  250 


Low  volume  defined  using  Peccengii:  &  Vercree's  precision  criterion  or  if  che  ORG  had  zer: 
or  one  discnarge. 
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Table  II-4D 


HCPA  GROUPER  LOW  VOLUME  DROS  POR  PRIVATE  ii.m.. 
NONMED I CARE / NONMED IC AID )  PAYERS1 


*  OF 

DRGDES 

DISCHARGES 

330 

: URETHRAL  STRICTU 

37 

351 

: STERILIZATION,  M 

30 

405 

: ACUTE  LEUKEMIA  W 

209 

411 

: HISTORY  OF  MALIG 

130 

412 

: HISTORY  OF  MALIG 

41 

456 

: BURNS , TRANS  TO  A 

328 

457: 

: EXTENSIVE  BURNS 

143 

465: 

:  AFTERCARE  W  HIST 

226 

492: 

: CHEMOTHER  W/ACUT 

615 

Low  volume  defined  using  Peccengiii  &  Vertree's  precision  criterion  or  if  the  ORG  had  zero 
or  one  discharge . 
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Table  II-4E 


HCPA  GROUPER  LOW  VOLUME  ORGS  FOR  NONMEDICARE  PAYERS1 


f  OF 

DRGDES  DISCHARGED 

3  30: URETHRAL  STRICTU  53 

3  51 : STERILIZATION,   M  3  0 

405: ACUTE  LEUKEMIA  W  290 

411: HISTORY  OF  MALIG  1  65 

412: HISTORY  OF  MALIG  55 

456: BURNS , TRANS  TO  A  438 

457 : EXTENSIVE  BURNS  195 

492 : CHEMOTHER  W/ACUT  865 


Low  volume  defined  using  Pectengiii  &  Vercree's  precision  criterion  or  if  -ne  DPG  had  zero 
or  one  discharge.  v  *3 
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Table  H-5A 

NYS  GROUPER  LOW  VOLUME  DROS  FOR  ALL  PAYERS1 


-RGDES 


#  OF 
DISCHARGES 


3  30:   URETHRAL  STRICT  53 

3  51:   STERILIZATION  M  30 

412:   HISTORY  OF  MALI  133 

456:   BURNS  TRANSFERR  493 

457:   EXTENSIVE  BURNS  252 

603:   NEONATE  BIRTH  W  803 

605:   NEONATE  BIRTH  W  420 

608:  NEONATE  BIRTH  W  251 

609:   NEONATE  BIRTH  W  233 

610:   NEONATE  BIRTH  W  146 

615:   NEONATE  BIRTH  W  244 

616:   NEONATE  BIRTH  W  139 

633:  MULT  OTHER  AND  47 

634:  MULT  OTHER  AND  66 

701:   HIV  RELATED  CNS  374 

704:   HIV  RELATED  MAL  200 

712:   HIV  W/O  SPECIFI  90 

713:   HIV  W/O  SPEC  RE  82 

7  54:   TERTIARY  AFTERC  6 

760:   HEMOPHILIA  FACT  685 


^0scha0rgUeme  de£ined  USlng  ?ecl:en9i:i  S  Vertree's  precision  sricerion  or  If  che  ORG  had  zerc 
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Table  0-5B 


KYS  GROUPER  LOW  VOLUME  ORGS  FOR  MEDICARE  PAYERS1 


»  OF 

SRGDES  DISCHARGED 


3 


41:   EXTRAOCULAR  PRO 

43:   HYPHEMA  83 

48:   OTHER  DISORDERS  2 

49:  MAJOR  HEAD  &  NE  233 

52:   CLEFT  LIP  &  PAL  82 

58:   T&A  PROC  EXCEPT  7 

60:   TONSILLECTOMY  &  22 

61:  MYRINGOTOMY  W  T  173 
62 :  MYRINGOTOMY  W  T 

70:  OTITIS  MEDIA  &  33 

71:   LARYNGOTRACHEIT  3! 

74:   OTHER  EAR  NOSE  5 

137:   CARDIAC  CONGENI 

156:   STOMACH  ESOPHAG 

163:   HERNIA  PROCEDUR  8 

186:   DENTAL  &  ORAL  D  g 

220:   LOWER  EXTREM  &  15 

232:   ARTHROSCOPY  197 

252:   FX  SPRN  STRN  &  6 

255:   FX  SPRN  STRN  &  33 

275:  MALIGNANT  BREAS  206 

279:   CELLULITIS  AGE  41 

282:  TRAUMA  TO  THE  S  15 

298:  NUTRITIONAL  &  M  109 

299:  INBORN  ERRORS  0  354 
314:   URETHRAL  PROCED 

322:   KIDNEY  &  URINAR  10i 

327:  KIDNEY  &  URINAR  7 

33  0:   URETHRAL  STRICT  1 

333:   OTHER  KIDNEY  &  135 

340:   TESTES  PROCEDUR  2 
343:   CIRCUMCISION  AG 
351:   STERILIZATION  M 

362:   ENDOSCOPIC  TUBA  4 

375:  VAGINAL  DELIVER  47 

376:    POSTPARTUM  &  PO  105 

377:    POSTPARTUM  &  PO  22 

379:  THREATENED  ABOR  2  60 

380:   ABORTION  W/O  D&  51 

3  82:   FALSE  LABOR  si 

384:   OTHER  ANTEPARTU  105 

393:   SPLENECTOMY  AGE  2 

411:   HISTORY  OF  MALI  83 

412:   HISTORY  OF  MALI  7  8 

417:   SEPTECEMIA  AGE  46 

422:  VIRAL  ILLNESS  &  61 

432:   OTHER  MENTAL  DI  261 

446:   TRAUMATIC  INJUR  '  8 

448:  ALLERGIC  REACTI  2 

451:   POISONING  S.  TOX  43 

456:   BURNS  TRANSFERR  79 

457:   EXTENSIVE  BURNS  63 


-ow  volume  defined  using  Peccengili  &  Vercree's  precision  criterion  or  if  -he  DRG  had  -e- 
or  one  discharge.  "  - 
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Table  II-5B,  cont. 


NYS  GROUPER  LOW  VOLUME  ORGS  FOR  MEDICARE  PAYERS  (CONT.) 


*  OF 

DRGDES  DISCHARGES 

459:   NON-EXTENSIVE  B  241 

465:   AFTERCARE  W  HIS  315 

472:   EXTENSIVE  BURNS  88 

480:   LIVER  TRANS PLAN  137 

481:   BONE  MARROW  TRA  30 

602:  NEONATE  BIRTH  W  5 

603:   NEONATE  BIRTH  W  1 

604:   NEONATE  BIRTH  W  2 
605:   NEONATE  BIRTH  W 
60  6:   NEONATE  BIRTH  W 

607:   NEONATE  BIRTH  W  3 
608:   NEONATE  BIRTH  W 

609:   NEONATE  BIRTH  W  1 
610:   NEONATE  BIRTH  W 

611:   NEONATE  BIRTH  W  1 

612:   NEONATE  BIRTH  W  7 

613:   NEONATE  BIRTH  W  4 

614:   NEONATE  BIRTH  W  8 
615:  NEONATE  BIRTH  W 
616:   NEONATE  BIRTH  W 
617:   NEONATE  BIRTH  W 

618:   NEONATE  BIRTH  W  6 

619:  NEONATE  BIRTH  W  3 

620:  NEONATE  BIRTH  W  84 

621:  NEONATE  BIRTH  W  2  • 

622:   NEONATE  BIRTH  W  2 

623 :  NEONATE  BIRTH  W  1 
624:  NEONATE  BIRTH  W 

626:  NEONATE  BIRTH  W  13 

627:   NEONATE  BIRTH  W  82 

628:  NEONATE  BIRTH  W  52 

63  0:   NEONATE  BIRTH  W  3 

631:   BPD  AND  OTHER  C  1 

633:  MULT  OTHER  AND  4 

634:  MULT  OTHER  AND  2 
63  5:   NEONATAL  AFTERC 

637:   NEONATE  DIED  WI  7 

638:   NEONATE  DIED  WI  53 

639:  NEONATE  TRANS FE  19 

640:   NEONATE  TRANSFE  23 

650:   HIGH  RISK  CESAR  126 

652:   HIGH  RISK  VAGIN  46 

700:   HIV  WITH  SPECIF  1 

701:   HIV  RELATED  CNS  9 

7  04:   HIV  RELATED  MAL  7 

707:   HIV  RELATED  INF  235 

710:   HIV  WITH  OTHER  61 
712:   HIV  W/O  SPECIFI 

713 :   HIV  W/O  SPEC  RE  7 

714:   HIV  W/O  SPEC  RE  63 

73  0:   CRANIOTOMY  FOR  80 

734:   OTHER  DIAGNOSES  119 
737:  VENTRICULAR  SHU 

73  8:   CRANIOTOMY  AGE  2 

73  9:   CRANIOTOMY  AGE  2 

752:   LEAD  POISONING  16 
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Table  II-5B,  cont. 


NYS  GROUPER  LOW  VOLUME  DROS  POR  MEDICARE  PAYERS  (CONT.) 

#  OF 


DRGDES 

DISCHARGES 

753  : 

COMPULSIVE  NUTR 

161 

754: 

TERTIARY  AFTERC 

■ 

759  : 

MULTIPLE  CHANNE 

21 

760  : 

HEMOPHILIA  FACT 

117 

7  62  : 

CONCUSSION  INTR 

47 

763  : 

TRAUMATIC  STUPO 

8 

768  : 

SEIZURE  &  HEADA 

19 

7  69  : 

SEIZURE  &  HEADA 

27 

770  : 

RESPIRATORY  INF 

35 

771  : 

RESPIRATORY  INF 

6 

774  : 

BRONCHITIS  &  AS 

73 

776: 

ESOPHAGITIS  GAS 

112 

778  : 

OTHER  DIGESTIVE 

43 

779: 

OTHER  DIGESTIVE 

13 

780: 

ACUTE  LEUKEMIA 

3 

781: 

ACUTE  LEUKEMIA  - 

2 

783  : 

ACUTE  LEUKEMIA 

461 

784: 

ACQUIRED  HEMOLY 

4 

785: 

OTHER  RED  BLOOD 

21 

787  : 

LAPAROSCOPIC  CH 

81 

790  : 

WND  DEBRID  &  SK 

171 

792: 

CRANIOTOMY  FOR 

49 

794  : 

DIAG  FOR  MULTIP 

194 
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Table  II-5C 

KYS  GROUPER  LOW  VOLUME  ORGS  POR  MEDICAID  PAYER1 


#  OF 
DISCHARGES 


6 

:   CARPAL  TUNNEL  R 

9  4 

38 

:   PRIMARY  IRIS  PR 

"2 

49 

:  MAJOR  HEAD  &  NE 

99 

51 

:   SALIVARY  GLAND 

66 

61 

:  MYRINGOTOMY  W  T 

85 

62 

:   MYRINGOTOMY  W  T 

239 

67 

:  EPIGLOTTITIS 

215 

103 

:   HEART  TRANS PLAN 

80 

117 

:   CARDIAC  PACEMAK 

86 

129 

:   CARDIAC  ARREST 

100 

137 

:   CARDIAC  CONGENI 

205 

192  : 

:   PANCREAS  LIVER 

221 

199: 

:   HEPATOBILIARY  D 

112 

201: 

OTHER  HEPATOBIL 

129 

232  : 

ARTHROSCOPY 

115 

275: 

MALIGNANT  BREAS 

106 

293  : 

OTHER  ENDOCRINE 

84 

306  : 

PROSTATECTOMY  W 

126 

312: 

URETHRAL  PROCED 

135 

314: 

URETHRAL  PROCED 

82 

318: 

KIDNEY  Sc  URINAR 

259 

319: 

KIDNEY  &  URINAR 

101 

328  : 

URETHRAL  STRICT 

69 

329  : 

URETHRAL  STRICT 

44 

330: 

URETHRAL  STRICT 

16 

338  : 

TESTES  PROCEDUR 

158 

342  : 

CIRCUMCISION  AG 

45 

343  : 

CIRCUMCISION  AG 

90 

344  : 

OTHER  MALE  RE PR 

52 

345: 

OTHER  MALE  REPR 

78 

346: 

MALIGNANCY  MALE 

168 

3  47  : 

MALIGNANCY  MALE 

58 

348  : 

BENIGN  PROSTATI 

77 

349  : 

BENIGN  PROSTATI 

85 

351  : 

STERILIZATION  M 

407  : 

MYELOPROLIF  DIS 

111 

411: 

HISTORY  OF  MALI 

33 

412  : 

HISTORY  OF  MALI 

14 

414  : 

OTHER  MYELOPROL 

212 

432: 

OTHER  MENTAL  DI 

202 

439  : 

SKIN  GRAFTS  FOR 

231 

456: 

BURNS  TRANSFERR 

98 

457  : 

EXTENSIVE  BURNS 

49 

459  : 

NON-EXTENSIVE  B 

350 

465: 

AFTERCARE  W  HIS 

37 

472: 

EXTENSIVE  BURNS 

170 

476: 

PROSTATIC  O.R. 

124 

1  Low  volume  defined  using  Paccengill  &  Vercrees  precision  criterion  or  if  che  ORG  had 
or  one  discharge. 
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Table  II-5C,  cont 

GROUPER  LOW  VOLUME  DRGS  FOR  MEDICAID  PAYERS  (CONT.) 


#  OF 


DRGDES 

DISCHARGES 

480 

•     T.TVFR     TP1MCOT  AM 

214 

547 

HTHFR   riPHT nTun 

164 

548 

PARTlTAr*  Dirtvxv 

110 

5  54' 

HFRMT  a    DDPirrnr ro 

127 

565  • 

-J   sJ   -J  . 

TT^TPiOi  C     y  If  TiT'U  T  T»  r 

X-INLAJC    WU1KXT  6c 

332 

570  : 

MAT  F    D  TT  DR  O Pit Tr,fT' T 

176 

571  : 

MAT  F  RFDRr*nTTf*"*TT 

220 

575  : 

P.T  non  rt  nnn  bab 

DLjWU    DU\J\JU    f  UK 

201 

603  : 

336 

605  : 

NFOMATF   RTPTU  t*7 

189 

606  : 

174 

608  : 

NIFDMATF    R  TBTU  T*I 

104 

609  : 

MFHMA  TF    BTDTU  T»T 

116 

610  : 

NEONATF   RTFTP  W 

62 

615  : 

NFOMATF   R  TPTU  W 

103 

616  : 

NFOMATF    RTRTW  T*7 

76 

622  : 

WFDMATF    RTRTW  M 

254 

623  : 

NEONATF   RTRTW  W 

253 

633  : 

MULT  OTWFR  AMT1 

10 

634  : 

MUL.T  OTWFR    A  Km 

20 

701 : 

HTV  RFT  ATFH  PMC 

282 

704  : 

HTV   RFT  ATFH  MAT 

144 

712  : 

HTV  w/n  c Drnn 

57 

713  : 

HTV  W/n   CDPr  OF 

53  • 

714  : 

HTV  LJ/n   CDPr  or 

279 

730  : 

CRANIOTOMY  FOR 

204 

734: 

OTHER  DIAGNOSES 

152 

753  : 

COMPULSIVE  NUTR 

358 

754: 

TERTIARY  AFTERC 

760  : 

HEMOPHILIA  FACT 

191 

778  : 

OTHER  DIGESTIVE 

328 

780  : 

ACUTE  LEUKEMIA 

183 

781: 

ACUTE  LEUKEMIA 

221 

782  : 

ACUTE  LEUKEMIA 

426 

783  : 

ACUTE  LEUKEMIA 

163 

787  : 

LAPAROSCOPIC  CH 

23 

792  : 

CRANIOTOMY  FOR 

74 

794  : 

DIAG  FOR  MULTIP 

122 
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Table  E-5D 

GROUPER  LOW  VOLUME  FOR  PRIVATE   (I.E.,   NONMEDICARE /NONMEDICAL) 


«  OF 

PRC-DES  DISCHARGES 

137:   CARDIAC  CONGENI  341 

33  0:   URETHRAL  STRICT  3  6 

351:   STERILIZATION  M  30 

411:   HISTORY  OF  MALI  127 

412:   HISTORY  OF  MALI  41 

456:   BURNS  TRANSFERR  316 

457:   EXTENSIVE  BURNS  140 

465:   AFTERCARE  W  HIS  22  5 

603:  NEONATE  BIRTH  W  466 

605:   NEONATE  BIRTH  W  231 

608:  NEONATE  BIRTH  W  147 

609:  NEONATE  BIRTH  W  116 

610:   NEONATE  BIRTH  W  84 

615:   NEONATE  BIRTH  W  141 

616:   NEONATE  BIRTH  W  113 

623:  NEONATE  BIRTH  W  558 

631:  BPD  AND  OTHER  C  248 

633:  MULT  OTHER  AND  33 

634:  MULT  OTHER  AND  44 

700:   HIV  WITH  SPECIF  275 

701:   HIV  RELATED  CNS  83 

704:   HIV  RELATED  MAL  49 

710:   HIV  WITH  OTHER  238 

712:   HIV  W/O  SPECIFI  33 

713 :   HIV  W/O  SPEC  RE  22 

714:   HIV  W/O  SPEC  RE  541 

7  54:   TERTIARY  AFTERC  6 

760:   HEMOPHILIA  FACT  377 


Low  volume  defined  using  Peccengill  i  Vertree's  precision  criterion  or  if  che  ORG  had  z 
or  one  discharge. 
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Table  H-5E 

KYS  GROUPER  LOW  VOLUME  POR  KONHED I CARE  PAYERS' 


«  OF 

DRGDES 

D^'SCHARHFc: 

J  JU  : 

UKETHRAL  STRICT 

5  2 

2  51: 

STERILIZATION  M 

4X1 : 

HISTORY  OF  MALI 

412  : 

HISTORY  OF  MALI 

O  ^ 

4bo  : 

BURNS  TRANS FERR 

ill  A 
**  i.  ** 

457  : 

EXTENSIVE  BURNS 

1  OQ 

o03  : 

NEONATE  BIRTH  W 

onn 
9U« 

'"AC 

o05  : 

NEONATE  BIRTH  W 

608  : 

NEONATE  BIRTH  W 

£  3  1 

buy  : 

NEONATE  BIRTH  W 

3  ■?  7 

610  : 

NEONATE  BIRTH  W 

1  A  £ 
1  4  O 

615: 

NEONATE  BIRTH  W 

2  44 

616  : 

NEONATE  BIRTH  W 

189 

633  : 

MULT  OTHER  AND 

43 

634  : 

MULT  OTHER  AND 

64 

701: 

HIV  RELATED  CNS 

365 

704: 

HIV  RELATED  MAL 

193 

712: 

HIV  W/O  SPECIFI 

90 

713  : 

HIV  W/O  SPEC  RE 

75 

754  : 

TERTIARY  AFTERC 

6 

760  : 

HEMOPHILIA  FACT 

563 

1    Low  volume  defined  using  Paccengiil  &  Vercree's  precision  criterion  or  it  the  DRG  nad  lero 
or  one  disclosure. 
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III.  Derivation  of  Casemix  Indices1 

A.  Introduction 

This  chapter  presents  the  development  of  hospital-specific  casemix  indices.  Two  steps 
were  involved  in  the  development  of  these  indices.  The  first  step  was  the  calculation  of  hospital- 
payer-specific  CMIs  for  all  hospitals  included  in  the  19  state  CRG  data  files,  using  the  previously 
created  DRG  weights  and  hospital-DRG-specific  admissions  counts.  Since  CMIs  are  needed  for 
all  hospitals,  the  second  step  involved  the  imputation  of  casemix  indices  to  the  hospitals  not 
included  in  the  CRG  data  file,  utilizing  a  multivariate  regression  imputation  model.  The  CRG- 
based  CMIs  were  used  in  predictive  models,  along  with  independent  variables  on  hospital  and  area 
characteristics,  to  derive  CMIs  for  every  short  term,  general,  nonfederal  hospital  in  the  United 
States  present  on  the  HCFA  master  file.  The  development  of  the  casemix  indices  will  be 
described  here.  However,  the  primary  focus  of  this  chapter  is  upon  the  imputation  process. 

Casemix  indices  were  derived  for  all  five  payer  groups  (i.e.,  Allpayer,  Medicaid,  Private, 
Medicare,  and  NonMedicare)  for  the  two  DRG  groupers  (HCFA  and  NYS).  However,  since 
hospital-specific  cost  estimates  can  only  be  derived  for  Allpayers,  Medicare  and  NonMedicare, 
this  chapter  will  focus  upon  the  derivation  of  CMIs  for  those  3  payer  categories. 
B.       Derivation  of  Casemix  Indices 
CRG  Hospitals 

As  noted  above,  ten  separate  CMIs  were  created  -  one  for  each  of  the  five  payer 
categories  using  the  HCFA  and  NYS  groupers.  The  CMIs  were  calculated  for  each  of  the  2,174 


'This  chapter  was  authored  by  Mark  E.  Miller,  Margaret  B.  Sulvetta  and  Ellen  Englert. 

III-l 


hospitals  included  in  the  final  edited  CRG  file.  Casemix  indices  were  calculated  for  each  hospital 

as: 

'=1 

where:  P,  is  the  proportion  of  the  hospital's  total  admissions  in  DRG  i;  W,  is  the  weight  for  DRG 
i;  and  n  =  488  for  the  HCFA  DRG  grouper  and  616  for  the  New  York  State  grouper. 

Table  III- 1  reports  mean  casemix  indices  by  hospital  and  payer  type.  The  mean  casemix 
across  all  hospitals  for  both  Medicare  and  NonMedicare  patients  is  1 .00.  In  addition,  the  mean 
casemix  by  hospital  type  is  similar  for  the  two  types  of  patients.  Both  Medicare  and  NonMedicare 
patients  requiring  more  intensive  treatment  tend  to  utilize  large,  urban,  and  teaching  hospitals. 
The  variation  in  casemix  based  on  ownership  and  region  are  small. 
Non-CRG  Hospitals 

Since  hospital-specific  costs  per  admission  must  be  adjusted  by  hospital-specific  casemix 
indices  and  the  objective  is  to  derive  casemix  adjusted  costs  for  all  hospitals,  the  CMIs  derived  for 
the  CRG  hospitals  were  used  to  predict  CMIs  for  non-CRG  hospitals.  Separate  models  were 
estimated  for  each  payer  category  /DRG  grouper  combination,  however,  the  specification  of  the 
independent  variables  was  constant  across  all  of  the  regression  models.  Since  each  of  the 
independent  variables  included  in  the  models  must  be  available  for  all  5.383  hospitals,  we  used 
only  those  data  sources  that  provide  information  on  all  hospitals. 

Table  III-2  lists  and  defines  the  variables  used  in  the  CMI  regressions,  identifies  the  data 
sources  from  which  they  were  derived,  and  presents  mean  values.  The  independent  variables 


III-2 


as 


include  measures  of  hospital-specific  characteristics  (e.g.,  Medicare  casemix,  bedsize,  the 
composition  of  the  medical  staff  by  specialty,  and  the  services  provided  at  the  hospital),  as  well 
characteristics  of  the  hospital's  county  (e.g.,  demographic  composition  and  health  care  market 
descriptors).  More  detail  on  data  construction  and  sources  is  provided  in  Appendix  D.  In  initial 
regression  runs,  missing  values  in  the  independent  variables  caused  some  observations  to  drop  out 
of  the  model.  To  address  this  problem,  we  imputed  mean  values  for  those  variables  with  missing 
values.  Mean  values  were  calculated  for  categories  of  hospitals  by  urbanicity,  bed  size  and 
teaching  status.  Missing  values  were  then  replaced  with  the  relevant  mean  value  for  the  missing 
observation.2 

C.       Developing  and  Testing  the  Predictive  Model     Medicare  HCFA  Grouper 

In  order  to  test  the  model  on  a  sample  independent  from  that  used  to  develop  the  model, 
we  randomly  divided  the  CRG  hospital  file  into  two  files.  The  file  used  to  develop  the  regression 
model  contained  85  percent  of  all  observations  ( 1 863  hospitals).  The  model  was  then  applied  to 
the  withheld  15  percent  of  all  hospital  observations  (311  hospitals).  Regressions  were  run  with 
and  without  weighting  by  CRG  admissions.  Summary  results  for  the  weighted  Medicare  model 
using  the  HCFA  grouper  are  presented  in  Table  III-3. 

The  weighted  model  developed  on  the  85  percent  sample  of  CRG  hospitals  has  an  R 2  of 
.94,  a  significant  F  statistic,  and  root  mean  square  error  of  0.02  percent.3  The  mean  predicted 
CMI  for  the  85  percent  sample,  is  1.00  with  a  CV  of  16.10.  This  is  very  close  to  the  actual  CMI 


"For  fifty-eight  hospitals  in  our  file,  the  American  Hospital  Association  did  not  report  admission  counts.  Since 
the  predictive  models  were  weighted  by  admission,  these  hospitals  were  dropped  from  all  models.  In  addition,  seven 
hospitals  reported  no  Medicare  admissions  and  were  therefore  dropped  from  the  Medicare  admission  models. 

3The  percentage  root  mean  square  error  is  an  estimate  of  the  standard  deviation  of  the  error  term.  It  is  equal  to 
the  square  root  of  the  mean  square  percentage  error. 
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for  that  sample,  with  a  mean  of  1 .00  and  CV  of  16.59.  The  distributions  of  actual  and  predicted 
CMIs  are  very  similar,  with  median  CMIs  of  .89  for  both  the  actual  and  predicted  values,  and 
comparable  values  at  the  25th.  75th  and  95th  percentiles. 

When  the  model  was  applied  to  the  withheld  15  percent  of  CRG  hospitals  it  continued  to 
perform  very  well,  (Table  III-3)  with  an  R:  of  0.94  and  root  mean  square  error  of  0.05  percent. 
The  mean  predicted  casemix  is  0.99.  as  is  the  actual  computed  casemix  for  that  sample.  The 
predicted  casemix  index  has  a  slightly  narrower  dispersion  than  the  actual  CMI,  with  greater 
compression  of  the  predicted  CMIs  in  the  upper  range  than  that  observed  among  the  actual  CMI 
distribution.  The  coefficient  of  variation  for  the  predicted  CMI  is  15.07,  compared  to  a  CV  of 
16.03  for  the  actual  CMI. 

The  parameter  estimates  for  the  weighted  regression  for  the  85  percent  of  the  sample  used 
to  develop  the  model  are  presented  in  Table  III-4.  As  shown  there,  the  logged  MedPAR  casemix 
index  is  significant  at  the  99  percent  significance  level  (T=  76.7),  with  a  parameter  estimate  of 
0.87.  Other  significant  variables  include  the  logged  disproportionate  share  percentage,  percent 
Medicaid  admissions,  and  dummy  variables  for  certified  as  a  Medicare  heart  transplant  center  and 
provides  open  heart  surgery  services. 

D.       Predicting  Casemix  for  All  Hospitals    HCFA  Grouper 

After  the  model  was  developed  and  tested  as  described  above,  it  was  applied  to  the  full 
universe  of  hospital  observations,  including  5,383  facilities  for  each  of  the  three  payer  types.  The 
model  was  weighted  by  admission  counts  from  the  American  Hospital  Association's  Annual 
Survey.  Summary  statistics  from  these  three  regressions  are  presented  in  Table  III-5.  The 
predictive  model  was  able  to  account  for  more  of  the  variation  in  casemix  across  hospitals  among 
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Medicare  admissions  than  among  Allpayer  and  NonMedicare  admissions.  This  difference 
probably  results  from  the  presence  of  the  Medicare  casemix.  as  derived  from  HCFA's  provider 
files,  in  the  model.  No  casemix  measures  for  Allpayer  and  NonMedicare  admissions  were 
available  from  alternative  sources.  Despite  this  the  R:  was  high  in  all  three  regressions.  The  F- 
statistic  was  also  significant  in  all  three  regressions. 

For  all  three  types  of  admissions,  the  predicted  and  actual  CMI  mean  was  close  to  1 .00. 
The  CV  for  the  actual  mean  among  CRG  hospitals  ranged  from  16.59  for  Medicare  admissions  to 
27.41  for  NonMedicare  admissions.  These  are  similar  to  the  CVs  for  the  mean  of  the  predicted 
values  across  all  hospitals,  16.67  and  23.35,  respectively.  The  distribution  of  actual  and  predicted 
CMIs  are  also  comparable,  with  the  twenty-fifth  percentile  of  hospitals  having  a  CMI  of  about  .80 
and  the  seventy-fifth  percentile  a  CMI  of  about  1 .30. 

The  parameter  estimates  used  to  calculate  the  predicted  values  for  each  of  the  three  types 
of  admissions  are  presented  in  Table  III-6.  The  magnitude  of  the  parameters  and  level  of 
significance  varies  across  the  three  models,  however  most  of  the  variables  that  are  important 
determinants  of  a  hospital's  casemix  for  one  type  of  admission  are  also  important  for  the  other 
two  types  of  admissions.  Among  the  hospital  specific  characteristics,  logged  MedPAR  casemix  is 
a  significant  variable  in  all  three  regressions.  In  addition,  other  factors  used  by  HCFA  to 
determine  payment  rates,  the  disproportionate  share  percentage,  the  intern  and  residents  to  bed 
ratio,  and  some  measure  of  urbanicity,  are  also  significant  determinants  of  casemix  in  all  three 
regressions.  The  parameter  estimates  for  rural  referral  centers  and  sole  community  hospitals  are 
not  significant.  Several  of  the  variables  related  to  the  services  provided  by  a  hospital  are 
significantly  related  to  casemix  in  all  three  regressions.  These  include  whether  the  hospital  is  a 
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Medicare  certified  heart  transplant  center,  has  a  cardiac  catheter  lab.  provides  open  heart  surgery, 
and  provides  organ  transplants. 

The  area  characteristics  generally  had  only  a  small  influence  on  the  predicted  casemix 
values.  Exceptions  include  the  health  status  measures  such  as  the  cancer  death  rate  amon<*  white 
females  and  the  flu  and  pneumonia  death  rate.  Income,  as  measured  both  in  per  capita  terms  and 
in  terms  of  the  percent  of  individuals  with  income  below  the  poverty  level,  was  also  a  significant 
determinant  of  casemix.  Lastly,  access  to  physicians,  as  measured  by  the  total  number  of  patient 
care  physicians  per  1.000  persons,  and  the  distribution  of  physicians  by  specialty,  as  measured  by 
the  percentage  of  patient  care  physicians  in  various  specialties,  was  also  a  significant  factor  in 
predicting  hospital  casemix. 

E.       Predicting  Casemix  for  All  Hospitals  »  New  York  Grouper 

Hospital  CMIs  based  on  New  York  state  DRGs  were  also  estimated.  Summary  results  for 
actual  and  predicted  CMIs  based  on  these  groupers  for  each  type  of  admission  are  reported  in 
Table  III-7.  The  correlation  between  actual  casemix  indices  derived  with  the  HCFA  and  NY 
Grouper  is  greater  than  .99  for  all  three  types  of  admissions.  Thus,  it  is  not  surprising  that  the 
mean,  the  CV,  and  the  distribution  of  actual  casemix  indices  based  on  the  NY  grouper  are 
comparable  to  those  for  the  HCFA  grouper. 

Table  III-8  lists  the  parameter  estimates  for  the  predictive  model  for  each  admission  type 
under  the  NY  state  grouper.  The  R2  is  still  high  for  all  three  models  and  the  F-statistics  are 
significant  at  the  .99  percent  confidence  level.  As  might  be  expected,  the  parameter  estimates  and 
significance  levels  are  similar  to  those  under  the  HCFA  grouper.  Exceptions  to  this  are  the 
estimates  for  the  parameters  on  age-sex  adjusted  mortality  rates  for  individuals  65  and  older. 
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These  parameter  estimates  are  considerably  higher  in  the  NY  state  model  than  in  the  HCFA 
model.  Since  the  NY  state  classification  system  is  more  detailed  than  the  HCFA  system, 
categorization  under  the  NY  system  may  be  more  directly  tied  to  factors  related  to  morbidity. 

Being  derived  from  similar  actual  values  and  parameter  estimates,  the  predicted  CMI 
values  under  the  NY  state  grouper  are  comparable  to  those  for  the  HCFA  grouper.  The  mean 
for  the  actual  and  predicted  CMI  values  are  close  to  1.00  and  the  distributions  of  actual  and 
predicted  casemix  for  each  type  of  admission  are  similar. 


F.  Conclusion 

The  ultimate  goal  of  this  project  is  the  development  of  standardized  prospective  payment 
rates  and  payment  adjusters  for  hospital  inpatient  services  for  allpayers,  and  subcategories  of 
allpayers.  The  calculation  of  hospital  specific  casemix  indices  for  each  payer  type  is  a  step  in  the 
development  of  these  rates  and  adjusters.  For  hospitals  included  in  the  CRG  data  files,  casemix 
indices  for  each  payer  type  were  calculated  directly.  An  imputation  process  was  required  to 
estimate  casemix  indices  for  non-CRG  hospitals. 

The  imputation  process  utilized  the  CMIs  calculated  for  the  CRG  hospitals  and  regressed 
them  on  hospital  and  area  characteristics.  Separate  models  were  estimated  for  each  payer 
type/DRG  grouper  combination.  The  parameter  estimates  from  these  models,  and  the  hospital 
and  area  characteristics  from  the  non-CRG  hospitals  were  then  used  to  predict  casemix  values  for 
the  non-CRG  hospitals.  All  of  the  predictive  models  had  significant  F-statistics  and  the  R2s  were 
high.  In  addition,  the  mean,  CV,  and  distribution  of  each  of  the  predicted  casemix  indices  were 
similar  to  those  measures  for  the  actual  casemix  index  for  the  CRG  hospitals. 
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Table  111-1 
Mean  Actual  Casemix  Index 

for  CRG  Hospitals 
by  Hospital  Type  and  Payer 


West  North  Central 
Mounta 
Pacific 

~tTa2  1  5t>z 

the  HCFA  grouper  for  the  casemix  calculation. 


were  classified  under 


Table  111-2 
Casemix  Regression 
Measures  and  Data  Sources 


Variable  Description 


Hospital  Characteristics 
Service  Composition 

Loggec  pan  A  casgmtx 


 "a-c  J  b|rthS  to  total  diSCharnpg  a  - 

Patient  Characteristics  — 

-  aacroportonatP  share  (DSH)  ^^ZT 

Staff  Composition   — 

 s-"-:al  specialists  as  a  percent  of  staff 

Me-a-cai  specialists     a  r,cer,t  of  gtaff  - 

^re  physicians  as  g  ^m^jtifj ' 

.Large  jrban  hospital.  <=  inn  hoT^^r- 


Year 


.1991 
.1991 
.1991 

.1991 
1991 

_1991 
1991 


Data  Source' 


Weighted  ] 
Mean2 


I  1          —  1  w  "eui  iinmmy 

La-ge  urban  hospital,  iui-?on  hort,  h,,^ 
La^ge  urban  hospital  201-300  b&tejj^v 

—3*  ^an  "osptal^Qi^g^bedi^r^ 
OT'-c  urban  hnsmtai  ,™  ,  — :  *- 


AHA 
AHA 
.HCRIS 
HCRIS 


1991 


— —  —j  ueus.  niimm 

-g!£li^anho^itai,  <=  1  qq belTrl^: 
-gf^aTThi^ 

wTie'  jrban  hnsmtai  -.cnn  i  _.  ' 


1991 
.1991 
1991 


HCRIS 


HCRIS 


0161 
_0350_ 

0  188 
_0_027 

_0"l92 
_0235_ 
0.376 
_0O96_ 

0.020 


HCRIS 
HCRIS 


0095 


— '  diagnostic  radioisotope  thera 
_  Provides  megavoitaqe  radiation 


—   "  g  merHr 

Prosnoes  radioactive  implants  rinmmy 
Proviaes  x-ray  radiation  therapy  n.,mmy 


Utilization  

Occupancy  rate  (nearest  0. 1  % 


1991 


0.710 


Table  111-2 
Casemix  Regression 
Measures  and  Data  Sources 


Geographic  Area  Characteristics 


Population  Characteristics 


Demographic  Composition 


Percent  male 


Year 


1990 


Data  Source1 


ARF 


Weighted 
Mean2 


0.486 
0.797 


Percent  20-44 


1990 


1990 


ARF 


ARF 


1990 


ARF 


1990 


ARF 


0.044 
0.077 


Percent  75-84 


1990 


1990 


ARF 


ARF 


0.043 
0.013 


Percent  >84 


Health  Status 


1990 


Age-sex  adjusted  mortality  rate  age  >65 


Mean  January  temperature 


1988 


1941-70 


ARF 


ARF 
ARF 


0.050 


Cancer  death  rate  per  1 .000  deaths,  white  females 


1970-79 


ARF 


Cancer  death  rate  per  1 .000  deaths,  white  males 


Heart  disease  death  rate  per  1 .000  deaths 


1970-79 


1988 


ARF 


ARF 


2.093 


Flu  &  pneumonia  death  rate  per  1 .000  deaths 


Other  cardiac  death  rate  per  1 .000  deaths 
Income  and  Insurance  Coverage 


1988 


1988 


Percent  insured  only  by  Medicaid 
Percent  uninsured 


1990 


ARF 


ARF 


CPS 


0.328 


1.833 


i  0.078 
I  0.132 


Per  capita  income 


1990 


1989 


CPS 


ARF 


Percent  under  100%  of  poverty 


Health  Care  Market  Characteristics 


1990 


CPS 


0.125 


lization  Measures  

AH  patient  admission  rate  per  1.000  persons 


1989 


ARF 


130.8 
7.672 


patient  length  of  stay 
Supply  of  Facilities 


1989 


ARF 


Nursing  home  Medicaid  approved  beds  per  1 .000  persons 
Nursing  home  Medicare  approved  beds  per  1,000  persons 

Short-term  general  hosprtal  beds  per  1,000  persons  

Short-term  general  hosprtal  per  1.000  persons 


1986 


ARF 


1986 


ARF 


Short-term  general  hosprtal  beds  per  1,000  pe 
Short-term  general  hosprtal  per  1,000  persons 

HMOs  per  100.000  persons  

Major  teaching  beds  as  a  percent  of  all  hospital  beds 


1989 


ARF 


1989 


1990 


ARF 


ARF 


0.017 


1991 


AHA  (derived) 


Sole  community  hospital,  dummy 


Rural  referral  center,  dummy 
Normalized  weighted  technology  index 


1991 


HCRIS 


1991 


HCRIS 


0.031 


0.038 


Supply  of  Physicians  

Total  patient  care  physicians  per  1 .000  persons 
Pnmary  care  as  a  percent  of  patient  care  physici 


1991 


AHA  (denved) 


1.000 


1989 


ARF 


2.181 


3nmary  care  as  a  percent  of  patient  care  physicians 
RAPs  as  a  percent  of  patient  care  physicians 


1989 


ARF 


0.298 


1989 


ARF 


0.090 


surgical  specialists  as  a  percent  of  patient  care  physicians 
Other  physicians  as  a  percent  of  patient  care  physicians 


1989 


ARF 


0.263 


1989 


ARF 


0.182 


Input  Cost  Measures 


Logged  wage  index  -  operating 


1991 


HCRIS 


0.056 


Malpractice  index 
The  Appendix  details  the  data  sources  which  correspond  to  the 


1990-2 


Zuckerman  and  Norton  |  1.000 


variables. 


abbreviations  listed  and  the  construction  of  denved 


Means  are  weighted  by  total  hospital  admissions  as  reported  in  the  American  Hospital  Association's  Annual  Survey. 


Table  111-3 
85%  Simulation  of  Predictive  Model 
Medicare  Beneficiaries  --  HCFA  Grouper 


85% 

15% 

Predicted 

Actual 

Predicted 

Actual 

mean 

1.00 

1.00 

0.99 

0.99 

\*  V 

16.10 

16.59 

15.07 

16.03 

£^J  0 

0.82 

0.82 

0.80 

0.80 

0.89 

0.89 

0.89 

0.88 

75% 

0.97 

0.98 

0.98 

0.99 

95% 

1.22 

1.25 

1.22 

1.22 

Minimum 

0.44 

0.42 

0.46 

0.45 

Maximum 

2.01 

2.05 

1.51 

1.62 

Range 

1.57 

1.63 

1.05 

1.17 

R2 

0.94 

0.94 

RMS  %Error 

0.02 

0.05 

N 

1863 

1857 

311 

310 

Means  are  weighted  by  Medicare  admissions. 


Table  I II— 4 

Parameter  Estimates  for  Test  Regression 
85"o  Sample  of  Medicare  Admissions' 


1  

Parameter 

Estimate2 

Intercept   

-0.528 

|  Independent  Variables  " 

«ci  ¥ii.C  vuinposiiion 

LocjQed  p3rt  A  casemix 

0.870  " 

Outpatient  surgenes  as  a  percent  of  inpatient  surqenes 

-0.001 

ndiio  or  uinns  to  total  oiscnarqes 

-0.003 

r cjueni  v#nar aciensiics 

Medicaid  discharges  as  a  %  of  total  discharges 

-0.057  " 

Medicare  discharges  as  a  %  of  total  discharges 

0.022  * 

1  +  disproportionate  share  (DSH)  percentage,  logged 

0.058  " 

interaction.  1  ♦  DSH  percentage  and  1  +  IRB  ratio 

0.053 

siarr  composition 

Surgical  specialists  as  a  percentage  of  staff 

-0.007 

Medical  specialists  as  a  percentage  of  staff 

0041  * 

Primary  care  physicians  as  a  percentage  of  staff 

-0.004 

1  +  intern  and  residents  to  bed  (IRB)  logged 

-0.018 

Location  and  Bedsize 

Large  urban  hospital.  <=  100  beds  dummy 

-0.009 

Large  urban  hospital,  101-200  beds,  dummy 

-0  014  - 

Large  urban  hospital.  201-300  beds,  dummy 

0000 

Large  urban  hospital.  301-499  beds  dummy 

-0.004 

Uther  urban  hospital,  <=  100  beds  dummy 

-0  022  * 

Other  urban  hospital,  101-200  beds  dummy 

-0.011 

Other  urban  hospital.  201-300  beds,  dummy 

-0  006 

Other  urban  hospital,  301  -500  beds,  dummy 

-0.010  # 

Uther  urban  hospital,  >500  beds  dummy 

0000 

Rural  hospital,  <=  50  beds,  dummy 

-0.029  ' 

Hural  hospital.  51-100  beds,  dummy 

-0.018  * 

Hural  hospital.  101-200  beds,  dummy 

-0  023  " 

Rural  hospital.  201-300  beds,  dummy 

-0.018 

Hural  hospital,  >300  beds,  dummy 

-0.025  • 

wwnersnip 

Hural  government  hospital,  dummy 

-0.002 

Urban  government  hospital,  dummy 

-0.006 

~ur  prom  nospuai.  oummy 

0.005 

m  vdiiduie  i  ecnnoiOqy 

Medicare  certified  heart  transplant  center  dummy 

0019  " 

Medicare  certified  liver  transplant  center  dummy 

0.013  » 

Has  cardiac  cath  lab.  dummy 

-0  007  " 

nas  u  i  scan,  dummy 

0.003 

Has  emergency  department,  dummy 

-0.012  # 

Provides  extracorporeal  shock  wave  lithotnpsy  dummy 

-0  002 

Has  magnetic  reasonance  imaging,  dummy 

-0  004  » 

Provides  open  heart  surgery  dummy 

0.035  " 

Provides  organ  transplant,  dummy 

0.013  ~ 

Provides  tissue  transplant,  dummy 

-0.009  * 

Provides  ambulatory  surgery,  dummy 

0  005 

Provides  chronic  obstructive  pulmonary  disease  care  dummy 

0.001 

Provides  diagnostic  radioisotope  therapy  dummy 

-0.002 

Provides  megavoftaqe  radiation  therapy  dummy 

0.005 

Provides  radioactive  implants,  dummy 

-0  004 

Provides  x-ray  radiation  therapy,  dummy 

O.OOO 

Utilization 

Occupancy  rate  (nearest  0.1%) 

0.007 

Table  1 1 1-4 

Parameter  Estimates  for  Test  Regression 
85%  Sample  of  Medicare  Admissions' 


Independent  Variables 

■  qi  aincici 

cbuma  ies 

j  Geographic  Area  Characteristics 

Population  Characteristics 

Demoqraphic  Composition 

Percent  male 

 U.o<:/ 

Percent  white 

-U.U  i  o 

Percent  20-44 

-U.  10  1 

Percent  4b-b9 

U  UUb 

Percent  bO-64 

U  bub 

Percent  bb-/4 

-U.290 

Percent  75-84 

U.UY  / 

Percent  >84 

J. 24b 

Health  Status 

Age-sex  adiusted  mortality  rate  age  >65 

2.258  "* 

Mean  January  temperature 

0  000 

Cancer  death  rate  per  1 ,000  deaths  white  females 

0.034 

Cancer  death  rate  per  1,000  deaths  white  males 

-0041 

Heart  disease  death  rate  per  1  000  deaths 

-0.004 

Flu  &  pneumonia  death  rate  per  1  000  deaths 

-0  054  " 

Other  cardiac  death  rate  per  1  000  deaths 

-0.01 1 

Income  and  Insurance  Coverage 

Percent  only  insured  by  Medicaid 

0.065 

Percent  uninsured 

0  000 

Per  capita  income  (X1000) 

0  000 

Percent  of  people  under  100%  of  poverty 

-0.1 1 6 

Health  Care  Market  Characteristics 

Utilization  Measures 

All  patient  admission  rate  per  1  000  persons 

0  .000  # 

All  patient  length  of  stay 

0.000 

Supply  of  F-acilities 

Nursinq  home  Medicaid  approved  beds  per  1  000  persons 

-0.001 

Nursinq  home  Medicare  aDDrovpd  hprte  rw  1  nnn  ncnnnc 

-0  002 

Short-term  general  hospital  beds  per  1  000  persons 

-U.UU2 

Short-term  qeneral  hospital  per  1  000  persons 

-u.  jya 

HMOs  per  100.000  persons 

n  rv\A 
U  UU4 

Major  teaching  beds  as  a  percent  of  all  hospital  beds 

Sole  community  hospital,  dummy 

U.LHJ  l 

Rural  referral  center,  dummy 

0.011  # 

Normalized  weiqhted  technology  index 

0  000 

Supply  of  Physicians 

Total  patient  care  physicians  per  1 .000  persons 

-0.006 

Pnmary  care  as  a  percent  of  patient  care  physicians 

0.120  # 

RAPs  as  a  percent  of  patient  care  physicians 

0.048 

Surgical  specialists  as  a  percent  of  patient  care  physicians 

0.020 

Other  physicians  as  a  percent  of  patient  care  physicians 

0.164  # 

Input  Cost  Measures 

Logged  waqe  index  -  operating 

0.009 

Malpractice  index 

1  ^           :  ~  :  :  :  <— 

-0  004 

1  Casemix  indices  were  developed  based  on  the  HCFA  grouper  and  the  regression 


was  weighted  by  admissions. 
2  Significance  levels  are  denoted  as  follows: 
**  Significantly  different  from  zero  at  the  99  percent  confidence  level. 

Significantly  different  from  zero  at  the  95  percent  confidence  level. 
#  Significnatly  different  from  zero  at  the  90  percent  confidence  level. 


Table  111-5 

Comparison  of  Actual  and  Predicted  Casemix 
HCFA  Grouper 


All  Payer 

Medicare 

NonMedicare 

rreaiciec 

Actual 

Predicted 

Actual 

Predicted 

Actual 

rvltJail 

1  .uu 

1 .01 

0.99 

1.01 

1.00 

1.02 

rv 

v¥ 

on  Q  i 

<;U.o  1 

22.54 

16.67 

16.59 

23.35 

27.41 

25% 

0.80 

0.82 

0.75 

0.82 

0.76 

0.77 

Median 

0.88 

0.91 

0.85 

0.89 

0.85 

0.88 

75% 

1.01 

1.06 

0.94 

0.98 

1.00 

1.07 

95% 

1.26 

1.34 

1.18 

1.24 

1.28 

1.46 

Minimum 

0.24 

0.38 

0.39 

0.42 

0.17 

0.42 

Maximum 

2.42 

2.64 

2.65 

2.05 

2.21 

3.13 

Range 

2.18 

2.26 

2.26 

1.63 

2.04 

2.71 

R 

0.89 

0.95 

0.81 

CMI  Coefficient 

0.79 

0.93 

0.71 

RMS  %  Error 

0.05 

0.03 

0.07 

N 

5383 

2116 

5383 

2109 

5383 

2116 

Means  are  admission  weighted. 


Table  Nl-6 

Parameter  Estimates  for  Predictive  Model 
by  Payer  Type  -  HCFA  Grouper' 


Intercept 


Parameter  Estimaf  »2 


Independent  Variables 
Hospital  Characteristics 


Service  Composition 

Logged  part  A  casemix 

Outpatient  surgeries  as  a  nPrr0nt  0,  ,nDa,lem  — 

Ratio  ol  births  to  total  dischaTnT;  

Patient  Characteristics 

jpcjjjajd  a.scharges  as  a  %  m  — 
Megjgare  oiscnarqes  as  a  »„  5  ,ntal  h^.^ — 
1  -  disproportionate  share  (DSH)  p^rcema^e~tooofld 
interacnun,  I  +  USH  percent^,  a'^-js^ 

Staff  Composition   

Surgical  specialists  as  a  percent  of  italT 


-0  588 


Medical  specialists  as  a  percent  nf  *,=h 


Hnmary  care  specialists  as  a  perr.Pnt  n,  ^5" 


 I   ^wi  u  \ji  atgil 

I  .    *  'n'em  and  resiJenl  10       (IHB)  ratio,  lonn^  

_Location  and  Bedsize   aa2i  


Large  urban  hospital.  201 


_Large  urbar  hospital.  301-499  bed..;  n,  

Other  urbar  hospitalL<=_i00beds.  dumm^ 


Other  urban  hospital.  101-200  h«l*  rtn^ 

Other  urban  hospital.  201-300  twic  h,  * 

Other  urban  nospital,  301-500  tw^  h,  ,L 

Other  urban  hospital.  >500  be<i*  ^ 

Rural  hospnai,  <=  50  beds.  dT^Z  

.  Rural  hospnal.  51-100  beds  ri,^7 


0.794 
-0.004 
-1.302 

0.034 
0.272 
-0.197 
0  083 


Noo 
Medicare 

-0  513 


0.927 
0.000 
-0.044 


0.707 
-0.004 


-0.004 
-0.009 
0.027 
-0.086 


_ -1-605  ~ 

0  011 
0.037 
-0.072 
0  099 


-0.008 


0.057  # 


-0.004 


0.038 


0.011 


0.037 


-0.011 


-0.009 
-0.001 


 ~  —  w«*  .    ^\JI  I  l|  I  IV 

Rural  hospital.  101-200  beds  d^t? 
Rural  hoSP,tal.  20  l-3nnh0H.  J^mT 


Rural  hospital.  >3QQ  beds,  dummy 


Ownership 

Rural  government  hospital,  dumrr^ 
Urban  government  hospital,  dummy 
For  prodt  hospital,  dummy 


Available  Technoloc 

Medicare  certmed  heart  jransgjnj  r-*^  - 
Medicare  certified  in,ar t,,  .   :  '  ■ 


-0  001 


-0.008 
-0.020  # 


0  015 


-0  013 


0  014 

-0.018 
-0.068 
-0.075 


-0.060  * 
-0.017 


. .    .  ^Mlcl  uumm 

.  Medicare  cemtied  liver  transplant  r-Cn,o,  h..„ 
Mas  cardiac  catheter  lab,  dumm-  "  L 


Has  CT  scan 


0.019  ~ 


0.015 


0.010  " 


0.009 


-0.009  " 


0.029  ~ 


-0.018 
-0.012 


0.030 


Table  111-6 

Parameter  Estimates  for  Predictive  Model 
by  Payer  Type  -  HCFA  Grouper' 


Parameter  Estimates2 


Logged  wage  index 
Malpractice  index 
Regressions  were  weighted  by  admissions. 
Significance  levels  are  denoted  as  follows. 
Significantly  different  from  zero  at  the  99  percent  confidence  level 
Significantly  different  from  zero  at  the  95  percent  confidence  level 
#   Significantly  different  from  zero  at  the  90  percent  confidence  level 


Table  111-7 

Comparison  of  Actual  and  Predicted  Casemix 
New  York  State  Grouper 


All  Payer 

Medicare 

Non  Medicare 

Predicted 

Actual 

Predicted 

Actual 

Predicted 

Actual 

Mean 

0.99 

1.01 

0.99 

1.01 

1.00 

1.02 

CV 

21.31 

22.97 

16.76 

16.65 

24.61 

28.62 

25% 

0.79 

0.81 

0.75 

0.81 

0.74 

0.75 

Median 

0.87 

0.90 

0.85 

0.89 

0.84 

0.87 

75% 

1.00 

1.06 

0.94 

0.99 

0.99 

1.07 

95% 

1.26 

1.36 

1.18 

1.23 

1.28 

1.48 

Minimum 

0.23 

0.37 

0.38 

0.41 

0.16 

0.40 

Maximum 

2.49 

2.63 

2.67 

2.04 

2.27 

3.06 

Range 

2.26 

2.26 

2.29 

1.63 

2.11 

2.66 

R 

0.89 

0.94 

0.82 

CMI  Coefficient 

0.82 

0.94 

0.73 

RMS  %  Error 

0.06 

0.03 

0.09 

N 

5383 

2116 

5383 

2109 

5383 

2116 

Means  are  admission  weighted. 


Table  111-8 

Parameter  Estimates  for  Predictive  Model 
by  Payer  Type-  New  York  State  Grouper1 


Parameter  Estimates2 

Intercept 

Independent  Variables 

All 
Payer 

-0.839 

Medicare 

-0.572 

Non 
Medicare 

-0.870 

Hospital  Characteristics 
Service  Composition 

Logged  part  A  casemix 

Outpatient  surqenes  as  a  percent  of  inpatient  surgenes 
Ratio  of  births  to  total  discharges 

Patient  Characteristics 

Medicaid  discharges  as  a  %  of  total  discharges 
Medicare  discharges  as  a  %  of  total  discharges 
1  +  disproportionate  share  (DSH)  percentage,  logged 
Interaction.  1  +  DSH  percentage  and  1+  IRB  ratio 

Staff  Composition 

Surgical  specialists  as  a  percent  of  staff 
Medical  specialists  as  a  percent  of  staff 
Pnmary  care  physicians  as  a  percent  of  staff 
1  +  interns  and  residents  to  bed  (IRB)  ratio,  loqged 

Location  and  Bedsize 

0.818  " 
-0.003 
-1.339  " 

0.045  # 
0.269  " 
-0.176  " 
0.100 

-0.015 

0.055 
-0.009 

0.211  " 

0.941  " 
-0.001 
-0.055  " 

0.011 
-0.014 

0.044  " 
-0.053 

-0.014 
0.026 
0.001 
0.049  " 

0.735  " 
-0.003 
-1.665  " 

0.015 
0.024 
-0.045 
0.1 15 

0.006 
0.040 
-0  OftQ  * 

U.H  I  £. 

Larqe  urban  hospital.  <=  100  beds  dummy 
Large  urban  hospital.  101-200  beds  dummy 
Large  urban  hospital,  201-300  beds  dummy 
Large  urban  hospital.  301-499  beds  dummy 
Other  urban  hospital,  <=  100  beds  dummy 
Other  urban  hospital,  101-200  beds  dummy 
Other  urban  hospital.  20 1  -300  beds  dummy 
Other  urban  hospital,  301-500  beds  dummy 
Other  urban  hospital.  >500  beds  dummy 
Rural  hospital,  <=  50  beds,  dummy 
Rural  hospital.  51-100  beds  dummy 
Rural  hospital.  101-200  beds,  dummy 

0.007 

0.013 

0.024  " 

0.007 
-0.015 
-0.013 
-0.015 

0.004 
-0.01 1 
-0.053  * 
-0.051  ** 
-0.042  " 

0.000 
0.000 
0.009  " 
0.001 

-0.012 

-0.004 
0.001 

-0.001 

-0.001 

-0.023  # 

-0.014 

-0.019  ' 

0  012 
0  044  *" 

U.UUD 

-0  027 

0.010 
-0  n?  1 

-0.087  " 
-0.092  " 
-0.076  " 

Rural  hospital.  201-300  beds,  dummy 

-0.024 

-0.007 

-0.068  ' 

Rural  hospital,  >300  beds,  dummy 

-0.025 

-0.026  ' 

-0.028 

Ownership  — 

Rural  qovemment  hospital  dummy 

0.006 

0.001 

0.002 

Urban  qovemment  hospital,  dummy 

0.003 

-0.004 

0.007 

For  profit  hospital,  dummy 

0.020  " 

0.004 

0.028  " 

Available  lechnoloqv 

Medicare  certified  heart  transplant  center  dummy 

0.020  " 

0.010  • 

0.030  " 

Medicare  certified  liver  transplant  center  dummy 

0.015 

0.009 

0.020 

Has  cardiac  catheter  lab,  dummy 

-0.013  " 

-0.012  " 

-0.016  * 

Has  CT  scan,  dummy 
  I   

0.000 

0.006 

-0.010 

Has  emergency  department,  dummy 

-0.022  # 

0.009 

-0.058  " 

Provides  extracorporeal  shock  wave  lithotripsy  dummy 

0.000 

-0.003 

0.001 

Has  magnetic  reasonance  imagine,  dummy 

0.005 

-0.002 

0.004 

Provides  open  heart  surgery,  dummy 

0.031  " 

0.021  " 

0.042  " 

Provides  organ  transplant,  dummy 

0.025  " 

0.013  " 

0.026  " 

Provides  tissue  transplant,  dummy 

-0.002 

-0.011  " 

0.012 

Provides  ambulatory  surgery,  dummy 

0.025  # 

-0.015  # 

0.060  " 

Provides  chronic  obstructive  pulmonary  disease  care  dummy 

-0.009  # 

0.003 

-0.012 

Provides  diagnostic  radioisotope  therapy,  dummy 

-0.012  # 

-0.005 

-0.013 

Provides  mecjavoltaqe  radiation  therapy,  dummy 

-0.004 

0.004 

-0.008 

Provides  radioactive  implants,  dummy 

0.000 

-0.001 

-0.004 

Provides  x-ray  radiation  therapy,  dummy 

0.009 

-0.004 

0.015 

Utilization 

Occupancy  rate  (nearest  0.1%) 

0.044  " 

0.017  # 

0.038 

Table  lll-e 

Parameter  Estimates  for  Predictive  Model 
by  Payer  Type-  New  York  State  Grouper' 


[Health  Care  Market  Characteristics 
Utilization  Measures 

All  patient  admission  rate  per  1  oon 
All  patient  length  of  stay 
Supply  of  Facitilities 

Nursing  home  Medica.d  approved  beds  pgj 
Nursing  home  Medicare  approved  beds  per  j  nnn  ' 
Short-term  general  hospital  beds  ppr  1  nnn  pn^ — 


Short-term  general  hospital  per  1  ,QQo  perso"ns" 
HMOs  per  100,000  persons 


Mapr  teaching  beds  as  a  %  of  all  beds 
Crti«  — —  ;^  i  '  ~ — : — !  ■ — 


Sole  community  hospital.  dMmrrv 
Rural  referral  center,  dummy 


 Normalized  weighted  technology  index 

Supply  of  Physicians 


Patient  care  physicians  per  1 ,000  persons 


I  >  ,v>j\s  ^tl  QUI  |Q 

Primary  care  as  a  percent  of  patent  raro  phyaSans 

RAPs  as  a  nori-ont  nf  r,ot; — .  ,_  _.    r  '  


RAPs  as  a  percent  of  patient  care  physicians 


Surgical  specialists  as  a  percent  of  patient  care  physio^ 
Other  physicians  as  a  nerront    


Other  physicians  as  a  percent  of  patient  care  phyjjdinl 
Input  Cost  Measures 


Logged  wage  index  -  operating 


Malpractice  index 


'2  Regressions  were  weighted  by  admissions.  '  

Significance  levels  are  denoted  as  follows' 
**  ^gnificanny  different  from  zero  at  the  99  percent  confidence  level 
Significantly  different  from  zero  at  the  95  percent  confidence  level 
#  S,gnrf,cantly  different  from  zero  at  the  90  percent  confidence  level 


0.022 


IV.  Constructing  Estimates  of  the  Average  Cost  of  an  Inpatient  Discharge  1 
A.  Introduction 

In  this  chapter,  we  summarize  the  detailed  implementation  of  a  methodology  that 
constructs  estimates  of  the  average  inpatient  cost  per  discharge  for  all  patients,  Medicare  patients, 
and  nonMedicare  patients.  The  methodology  uses  data  reported  by  hospitals  to  HCFA  through 
the  Hospital  Cost  Reporting  Information  System  (HCRIS),  which  is  the  underlying  information 
source  used  by  HCFA  to  construct  the  PPS.  HCRIS  is  the  most  extensive  and  most 
comprehensive  source  of  information  available  on  hospitals'  costs.  Since  it  was  designed  to 
support  the  PPS,  its  structure  explicitly  requires  hospitals  to  allocate  their  costs  in  such  a  way  that 
the  inpatient  hospital  costs  of  Medicare  patients  can  be  identified.  However,  as  currently 
structured,  HCRIS  does  not  require  hospitals  to  separate  the  costs  of  ancillary  services  between 
inpatient  and  outpatient  settings.  Therefore,  in  order  to  compute  the  average  inpatient  cost  of 
treating  a  hospital  patient,  either  for  all  patients  as  a  group,  or  separately  for  Medicare  and 
nonMedicare  patients,  it  is  necessary  to  develop  an  algorithm  that  assigns  a  hospital's  total 
ancillary  costs  to  the  inpatient  and  other  settings. 

The  methodology  tested  estimates  total  inpatient  hospital  costs  by  summing  costs  reported 
for  individual  cost  centers  on  HCRIS,  adding  in  direct  capital  spending  and  intern  and  resident 
costs  for  each  cost  center,  and  allocating  ancillary  costs  between  the  inpatient  and  other  hospital 
settings.  The  estimates  exclude  subproviders,  nonphysician  education  costs,  and  selected  other 
noninpatient  care  services. 


'The  authors  of  this  chapter  include  Jack  Hadley,  Margaret  B.  Sulvetta,  Mark  E.  Miller  and  Craig  G.  Coelen. 
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Preliminary  estimates  using  this  methodology  were  validated  by  conducting  comparisons 
for  29  hospitals  that  are  members  of  the  University  Hospital  Consortium,  which  collects  detailed, 
patient-level  data  for  all  inpatient  discharges  using  the  UB-82  information  format.  (See  Appendix 
Al.)  By  department,  this  data  base  summarizes  charges  for  all  services  provided.  Department- 
specific  cost-to-charge  ratios  for  each  hospital  were  used  to  convert  charges  to  costs.  Costs  were 
then  aggregated  across  discharges  by  source  of  payment  (all  payers,  Medicare,  and  all 
nonMedicare  payers).  This  data  base,  therefore,  provides  an  independent  source  of  information 
for  assessing  the  validity  of  the  methodology  based  on  departmental  data  reported  by  hospitals  on 
HCRIS. 

B.       Data  and  Methods 
The  Hospital  Universe 

Using  HCFA's  criteria  for  constructing  the  universe  of  hospitals,  the  initial  data  base 
included  5,438  hospitals  that  were  listed  in  the  HCRIS  for  the  PPS8  year.  Using  HCFA's  hospital 
provider  number  and  the  hospital  identifier  from  the  American  Hospital  Association's  Annual 
Survey  of  Hospitals  (AHA),  information  was  added  from  prior  years'  HCRIS  files  for  PPS7  and 
PPS6,  and  from  the  1992,  1991,  and  1990  AHA  Survey.  After  manually  matching  hospitals  with 
inconsistent  ID  numbers  by  hospital  name  and  location,  there  were  104  hospitals  for  which  no 
data  were  available.  Thus,  the  universe  for  the  purpose  of  constructing  estimates  of  the  average 
inpatient  hospital  cost  per  discharge  included  5,334  hospitals.  In  the  final  phase  of  the 
methodology,  however,  we  were  able  to  impute  estimates  for  some  of  these  104  hospitals,  so  that 
the  final  data  base  includes  cost  estimates  for  between  5,424  and  5,426  institutions  (although  a 
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few  hospitals  at  the  upper  and  lower  extremes  of  the  cost  per  case  distributions  still  have 
implausible  values). 

Description  of  the  Proposed  Methodology 

The  proposed  methodology  starts  with  estimates  of  costs  by  individual  cost  center  after 
the  allocation  of  general  service,  capital,  and  education  costs.  Total  inpatient  acute  care  cost  is 
estimated  by  adding  the  costs  of  individual  cost  centers,  excluding  those  centers  that  do  not 
provide  inpatient  acute  care  services.  Total  facility  ancillary  costs  are  apportioned  to  the  inpatient 
acute  care  setting  using  data  on  patient  care  charges  in  different  settings.  Costs  allocated  to 
nonphysician  education  are  excluded  from  all  estimates. 

Definition  of  Inpatient  Hospital  Acute  Care  Costs.  Based  on  discussions  with  HCFA 
staff,  the  estimate  of  total  inpatient  acute  care  hospital  cost: 

••includes  the  direct  costs  of  medical  education; 

►includes  capital; 

►excludes  subproviders; 

►excludes  nonphysician  education;  and 

►excludes  selected  other  noninpatient  care  services. 

We  derive  an  estimate  of  total  inpatient  hospital  costs  including  capital  and  physician 
education  costs  by  starting  with  the  following  HCRIS  fields: 
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Worksheet  R  Part  I 

F222     general  routine  adult  and  peds  worksheet  B,  Part  I  line  25,  col.  27 

F223     intensive  care  unit  worksheet  B,  Part  I  line  26,  col.  27 

F224     coronary  care  unit  worksheet  B,  Part  I  line  27,'  col.  27 

other  special  care  unit  worksheet  B,  Part  I  line  28-30,  col.  27 

F227     nursery  worksheet  B,  Part  I  line  33,  col.  27 

F23 1     operating  room  worksheet  B,  Part  I,  line  37,  col.  27 


F253     renal  dialysis  worksheet  B,  Part  I,  line  57,  col.  27 

(Total  facility,  ancillary  costs  are  the  sum  of  fields  F23 1  to  F253,  excluding  F244,  respiratory 
therapy  limit  adjustment,  and  F246,  physical  therapy  limit  adjustment.) 

The  above  fields  include  indirect  capital  costs  but  not  capital  costs  directly  assigned  or 
occurring  in  each  cost  center.  These  fields  exclude  intern  and  resident  costs,  but  include 
nonphysician  education  costs.  The  following  cost  centers  are  also  excluded  (except  for  ancillary 
costs  occurring  in  these  centers):  subproviders  (lines  31-32),  outpatient  (lines  60-62;  69-82), 
other  reimbursable  cost  centers  (lines  63-68),  special  purpose  cost  centers  (lines  83-94),  and 
nonreimbursable  cost  centers  (lines  96-100).  The  following  subsections  describe  the  methodology 
for  identifying  inpatient  ancillary  costs,  including  directly  assigned  capital  costs,  including  intern 
and  resident  costs,  and  excluding  nonphysician  education  costs. 

Capital  Adjustment.  The  purpose  of  this  adjustment  is  to  estimate  the  amount  of  directly 
assigned  capital  by  cost  center.  This  amount  is  then  added  to  costs,  by  cost  center,  from 
Worksheet  B,  Part  I,  which  include  only  indirect  capital  costs. 

a.      Calculate  the  ratio  of  direct  to  total  capital  costs  for  the  inpatient  hospital.  The  direct 
capital  ratio  (DCR)  is 

DCR  =  F181/(sum  F183-F188,  F192-F212) 
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Worksheet  R  Parr  TT 

F181  directly  assigned  inpatient  capital  Lines  3-33  &  37-59,  col.  0 

F 1 83- 1 88  &  total  inpatient  capital  costs  Lines  25-33  and  37-59  col  25 
F192-F2122  * 


b.  Multiply  total  capital  cost  in  each  cost  center,  F183-F188,  F192-F21 1,  by  DCR  to 
compute  an  estimate  of  directly  assigned  capital  for  that  cost  center. 

c.  Add  this  amount  to  the  corresponding  entry  from  Worksheet  B,  Part  I,  i.e., 

general  routine  care  costs  F222  +  (DCR  *  F183)  =  F222C 

intensive  care  F223  +  (DCR  *  F 1 84)  =  F223C 

coronary  care  F224  +  (DCR  *  F185)  =  F224C 

other  special  care  F225  +  (DCR  *  F186)  =  F225C 

nursery  F227  +  (DCR  *  F 1 88)  =  F227C 

operating  room  F23 1  +  (DCR  *  F 1 92)  =  F23 1 C 


renal  dialysis  F253  +  (DCR  *  F2 1 1 )  =  F253C 

Adding  Intern  and  Resident  Costs.  Intern  and  resident  costs,  by  cost  center,  are  reported 
in  F142  through  F170  as  follows:, 
Worksheet  R  Part  T 

F142  general  routine  care,  intern  and  resident  cost  line  25,  cols.  21+22 
F143     intensive  care,  intern  and  resident  costs  line  26,  cols.  2 1+22 

F144     coronary  care  unit,  intern  and  resident  costs         line  27,  cols.  21+22 
F145     all  other  special  care,  intern  and  resident  costs       lines  28-30,  cols.  2 1+22 
F 1 47     nursery,  intern  and  resident  costs  line  33 ,  cols .  2 1  +22 

F15 1      operating  room,  intern  and  resident  costs  line  37,  cols.  21+22 

F170     renal  dialysis,  intern  and  resident  costs  line  57,  cols.  21+22 


2 We  would  like  to  exclude  F187  (subproviders)  and  F212  (other  ancillary  service  centers,  including  non- 
distmct  part  ambulatory  surgical  centers  where  present)  from  this  list,  but  we  have  no  means  correspondingly  to  exclude 
them  from  Fl  8 1 ,  the  numerator  of  DCR. 
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Each  of  these  elements  is  added  to  the  corresponding  costs,  by  cost  center,  from  the  previous 
step,  i.e.,  costs  including  all  capital  and  intern  and  resident  costs  are 


general  routine  care 
intensive  care 


F222C  +  F142  =  F222CR 
F223C  +  F143  =  F223CR 


nursery 

operating  room 


F227C  +  F147  =  F227CR 
F231C  +  F151  =F231CR 


renal  dialysis 


F253C  +  F170  =  F253CR 


Allocation  of  Ancillary  Costs.  Total  ancillary  costs,  which  include  directly  assigned 
capital  and  intern  and  resident  costs,  is  the  sum  of  F23  ICR  through  F253CR.  This  total  also 
includes  costs  incurred  in  subacute  and  outpatient  settings.  Data  on  total  charges  from 
Worksheet  G-2  will  have  to  be  used  to  estimate  inpatient  acute  care  ancillary  costs.  This  is  done 
in  the  following  steps. 

a.  Compute  the  ratio  of  inpatient  ancillary  charges  to  total  ancillary  charges,  where 
Worksheet  G-2 

F519  inpatient  ancillary  charges  line  17,  col.  1 

F521  outpatient  ancillary  charges  line  17,  col.  2 

b.  Multiply  this  ratio  times  total  ancillary  costs,  which  is  the  sum  of  F23  ICR  through 
F253CR  from  above,  to  produce  an  estimate  of  inpatient  ancillary  costs. 
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c. 


Compute  the  ratio  of  inpatient  acute  care  charges  (routine  plus  special  care)  to 
total  inpatient  hospital  charges  from 


F516 
F517 


inpatient  routine  charges 
total  inpatient  charges 


line  1,  col.  1 
line  9,  col.  1 


F518 


total  special  care  charges 


(includes  subproviders) 
line  5,  col.  1 


The  needed  ratio  is:  (F516+F518)/(F517+F518) 

d.         Multiply  this  ratio  times  the  estimate  of  inpatient  ancillary  costs  from  step  b  above 
to  produce  the  estimate  of  inpatient  acute  care  ancillary  costs  (IAC) 

Final  Estimate  of  Total  Inpatient  Acute  Costs.  Total  inpatient  acute  care  costs, 

excluding  subproviders,  including  capital  and  physician  education  costs,  and  including 

nonphysician  education  costs,  are  estimated  as  the  sum  of: 


The  final  estimate  subtracts  the  costs  of  nonphysician  anesthetists  and  nonphysician 
education  that  occur  in  the  inpatient  acute  care  setting.  The  total  of  these  elements  is  the  sum  of 
the  following  fields: 

Worksheet  R  Parti 


IAC 


inpatient  acute  care  ancillary  costs 
general  routine  adult  and  peds 
intensive  care  unit 
coronary  care  unit 
other  special  care  units 
nursery 


F222CR 
F223CR 
F224CR 
F225CR 
F227CR 


F139     nonphysician  anesthetist  line  103,  col.  19 

F140     nursing  school  line  103,' col.  20 

F141      paramedical  education  line  103,  cols.  23-24 


The  share  of  these  costs  occurring  in  the  inpatient  acute  care  setting  is  estimated  by  multiplying 


this  total  by  the  ratio  of  inpatient  acute  care  charges  to  total  hospital  charges,  i.e., 
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(F516  +  F518  +  F519)  =  total  inpatient  acute  care  charges 

F525  =  total  facility  patient  charges  (inpatient  and  outpatient)  worksheet  G3,  line  1 

Accordingly,  the  amount  subtracted  is: 

(Fl 39  +  F 140  +  F14 1 )  *  ((F5 1 6  +  F5 1 8  +  F5 1 9)/F525) 

Estimates  of  NonMedicare  and  Medicare  Inpatient  Acute  Costs.  NonMedicare 
inpatient  acute  care  costs  are  estimated  by  subtracting  Medicare  costs  from  the  estimate 
developed  in  Section  II.E.  Field  F458  (worksheet  D-l,  Part  II,  line  50)  is  total  Medicare  inpatient 
operating  costs,  including  capital  and  all  education  costs.  To  make  it  comparable  to  the  estimate 
described  in  Section  HE.,  it  is  necessary  to  subtract  nonphysician  education  costs  and  physician 
education  costs  attributable  to  Medicare  subacute-care  inpatients. 

F440  reports  total  Medicare  medical  education  costs,  which  includes  physicians  and 
nonphysicians,  and  education  costs  allocated  to  subacute  inpatient  and  outpatient  care.  In  order 
to  make  the  Medicare  inpatient  acute  care  estimate  comparable  to  the  estimate  from  Section  II.E 
for  the  total  hospital,  we  subtract  F440  from  F458,  and  add  back  an  estimate  of  intern  and 
resident  costs  attributable  to  Medicare  acute  care  inpatients. 

This  estimate  is  constructed  by  multiplying  inpatient  acute  (general  routine  and  special)  care 
intern  and  resident  costs  from  section  O.C.  above  (i.e.,  the  sum  of  HCRIS  fields  F142  through 
F147  and  F161  through  F171)  by  the  ratio  of  Medicare  inpatient  routine  and  special  care  days 
(the  sum  of  HCRIS  fields  F54,  F56,  F57,  and  F58)  to  total  inpatient  routine  and  special  care  days 
(the  sum  of  HCRIS  fields  F67,  F69,  F70,  and  F71).  Intern  and  resident  costs  in  ancillary  cost 
centers  must  first  be  adjusted  using  the  methodology  described  in  section  U.D.,  i.e.,  allocate 
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ancillary  department  intern  and  resident  costs  to  the  inpatient  setting  by  multiplying  by  the  ratio 
F519/(F519+F521),  and  then  reduce  this  amount  by  the  ratio  of  inpatient  acute  care  charges  to 
total  inpatient  care  charges  (F516+F518)/(F517+F518),  i.e. 
IRCST     =   2(F142toF145,F147,F151  toF171) 

=   inpatient  acute  plus  ancillary  center  intern  and  resident  costs 

AIRCST  =  (IRCST)(F519/(F519+F521))((F516+F518)/(F517+F518)) 
=   adjusted  intern  and  resident  costs 

MCRSHR  =  (F54+F56+F57+F58)/(F67+F69+F70+F71) 
=   Medicare  share  of  inpatient  acute  care  days 

Then  the  modified  estimate  of  Medicare  acute  care  inpatient  hospital  costs  is: 

F458-F440  +  (AIRCST  *  MCRSHR). 

This  calculation  eliminates  nonphysician  education  costs  and  physician  education  costs  that 
are  allocated  to  nonacute  care  inpatient  settings  (or  outpatient  settings).  Moreover,  the 
expression  in  parentheses  can  be  omitted  for  the  purpose  of  conducting  simulations  that  exclude 
physician  education  costs  altogether. 

Subtracting  the  above  expression  from  the  estimate  of  total  inpatient  acute  care  hospital 
cost  developed  in  section  II.E  will  result  in  the  estimate  of  nonMedicare  inpatient  hospital  acute 
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care  costs  to  be  used  in  the  variants  of  the  simulations  that  use  separate  payment  rates  for 
Medicare  and  nonMedicare  cases.  NonMedicare  physician  education  costs  are  calculated  by 
multiplying  (1-MCRSHR)  *  AIRCST. 

Discharges  for  Calculating  Cost  per  Case.  Medicare  hospital  discharges,  excluding 
swing  bed  discharges,  are  reported  in  HCRIS  field  F82B.  NonMedicare  hospital  discharges  are 
calculated  by  subtracting  F82B  from  total  hospital  discharges,  excluding  swing  bed  discharges, 
F88C. 

Imputing  Missing  Values.  Before  missing  values  can  be  imputed,  it  is  essential  to 
distinguish,  as  best  as  possible,  "true"  zero  or  blank  fields  from  those  that  are  blank  or  zero 
because  data  have  not  been  reported.  Intensive  care  unit  costs,  nursery  costs,  physician  education 
costs,  outpatient  ancillary  charges,  and  subacute  care  charges  are  all  fields  that  could  be  legitimate 
or  true  zeros.  Therefore,  for  each  field  that  is  reported  on  HCRIS  as  a  zero  or  blank,  we  check 
the  corresponding  utilization  data  from  both  HCRIS  and  the  AHA  Annual  Survey  to  determine 
whether  the  hospital  reports  having  provided  any  services.  If  the  hospital  reports  positive  values 
of  intensive  care  days,  births  or  nursery  days,  interns  and  residents,  outpatient  care  visits,  or 
subacute  care  days,  then  the  corresponding  cost  or  charge  field  is  treated  as  missing.  Otherwise,  a 
missing,  blank,  or  zero  value  is  treated  as  a  true  zero. 

Missing  values  are  imputed  using  information  from  the  two  prior  years'  HCRIS  reports  and 
the  characteristics  of  similar  hospitals.  Using  hospitals  with  nonmissing  data,  we  specify  a 
regression  model  for  each  data  element  that  has  as  the  dependent  variable  the  value  from  the  1991 
HCRIS  file.  The  independent  variables  consist  of  the  lagged  values  of  the  dependent  variable 
from  the  1990  and  1989  HCRIS  files,  plus  fixed  hospital  characteristics,  such  as  bed-size 
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category,  census  division,  teaching  intensity,  county  type  (MSA  central  city,  other  MSA,  non- 
MSA),  county  population  density,  and  the  HCFA  wage  index.  If  values  from  the  earlier  years  ai 
also  missing,  then  the  imputation  is  based  solely  on  fixed  hospital  characteristics  using  parameter 
estimates  from  a  second  set  of  regression  models  that  exclude  lagged  values  of  the  dependent 
variable. 

Screening  for  Implausible  Values.  After  replacing  missing  data  with  imputed  values,  we 
compute  cost  per  discharge  for  all,  Medicare,  and  nonMedicare  inpatient  acute  care  discharges. 
In  order  to  evaluate  the  plausibility  of  these  estimates,  we  estimate  regression  models  for  the 
cost-per-discharge  measures  that  have  as  their  independent  variables  the  set  of  fixed  hospital 
characteristics  noted  above,  plus  information  on  the  presence  of  specific  facilities  and  services, 
staffing,  and  capital  assets  from  the  AHA  Annual  Survey  and  HCRIS.  (Use  of  the  capital  assets 
variable  may  not  be  feasible  if  it  is  missing  too  often.)  We  use  this  regression  to  compute  a 
predicted  value  of  cost  per  discharge.  Predicted  and  actual  values  are  then  compared  to  identify 
those  hospitals  for  which  the  actual  value  differs  from  the  predicted  by  some  threshold  amount, 
e.g.,  +/-10%  or  the  10%  of  hospitals  with  the  largest  relative  differences.  Values  for  these 
hospitals  were  compared  to  data  from  the  prior  year's  cost  report  to  assess  whether  there  may 
have  been  substantial  changes  in  the  amounts  reported  for  specific  fields  used  in  the  calculations. 
At  this  point,  final  decisions  were  made  about  whether  to  impute  an  estimate  of  cost  per 
discharge  from  hospitals  with  similar  characteristics  or  to  drop  the  hospital  from  the  simulations. 

Imputing  Values  for  Hospitals  Not  on  HCRIS.  Some  number  of  hospitals,  primarily 
those  that  do  not  participate  in  Medicare,  did  not  report  any  data  to  Medicare  for  inclusion  on 
HCRIS.  Estimates  of  cost  per  discharge  are  imputed  for  these  hospitals  using  a  regression 
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methodology  based  on  fixed  hospital  characteristics  and  other  information  available  from  the 

AHA  Annual  Survey. 

Data  Cleaning  and  Editing 

A  number  of  specific  data  fields  were  checked  to  evaluate  the  validity  of  reported  zeros  or 

blanks  for  the  purpose  of  distinguishing  true  zeros  from  missing  information.  Table  IV- 1 

summarizes  the  validity  checks  which  were  used.  In  addition,  all  reported  negative  values  were 

set  equal  to  missing. 

Imputation  of  Missing  Values 

After  distinguishing  true  zeros  from  missing  values,  lagged  values  for  variables  with  missing 

data  were  added  from  the  PPS7  and  PPS6  HCRIS  files.  (Table  H-2  lists  the  variables  and 
numbers  of  hospitals  that  had  missing  values.  Appendix  A2  reports  the  final  regression  models 
used  to  inpute  missing  values.)  For  each  variable  with  missing  values,  a  regression  model  was 
estimated  using  data  for  hospitals  with  nonmissing  values  in  order  to  impute  hospital-specific 
estimates  of  the  value  of  each  missing  data  item.  The  initial  form  of  the  regression  models  had  the 
current  (PPS8)  value  of  the  variable  as  the  dependent  variable,  with  the  independent  variables 
consisting  of  the  lagged  value  of  the  dependent  variable,  a  quantity  or  output  variable,  if 
appropriate,  hospital  size,  and  a  series  of  dichotomous  variables  characterizing  hospitals'  locations 
(census  division,  MSA  size,  and  central  city  location),  control,  type  (general,  psychiatric,  rehab, 
other)  and  cost  report  audit  status  (reopened,  settled  with  audit,  settled  without  audit).  Hospital- 
specific  predicted  values  from  the  regression  models  were  used  to  replace  missing  data  for  the 
hospitals  that  had  missing  values. 
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For  a  nontrivial  number  of  cases,  predicted  values  were  negative  because  of  large,  negative 
coefficient  values  for  some  of  the  categorical  variables  in  the  predictive  model.  Therefore,  we 
used  a  simpler,  more  parsimonious  set  of  regression  models  to  impute  missing  values.  These 
models  exclude  the  intercept  term  and  used  only  the  lagged  dependent  variable,  total  expenses 
from  the  AHA's  Annual  Survey  of  Hospitals,  and/or  a  related  quantity  variable  to  assure  a  non- 
negative  predicted  value. 

Preliminary  Estimates  of  Inpatient  Hospital  Costs 

After  the  data  cleaning  and  editing  phase,  preliminary  estimates  of  inpatient  hospital  costs 
were  computed  following  the  methodology  described  above.  The  corresponding  computer 
program  has  six  steps:  (1)  defining  inpatient  hospital  acute  care  costs,  (2)  estimating  directly 
assigned  capital  costs  by  cost  center,  (3)  adding  intern  and  resident  costs  by  cost  center,  (4) 
separating  inpatient  hospital  ancillary  costs  from  total  ancillary  costs,  (5)  excluding  nonphysician 
education  costs,  and  (6)  allocating  total  inpatient  acute  care  hospital  costs  between  Medicare  and 
all  other  inpatients.  These  steps  correspond  to  the  principal  elements  of  the  underlying 
methodology. 

Examination  of  the  preliminary  estimates  revealed  both  implausibly  large  and  implausibly 
small  values  for  the  average  inpatient  hospital  cost  per  discharge,  which  was  calculated  for  all 
patients,  Medicare  patients,  and  nonMedicare  patients.  This  result  could  be  due  to  inaccurate 
values  for  either  total  inpatient  hospital  costs  (by  payer  source),  the  numbers  of  inpatient  hospital 
discharges  (by  payer  source),  or  both.  In  order  to  lessen  the  likelihood  that  implausible  values  for 
Medicare  and/or  total  hospital  discharges  are  the  source  of  the  problem,  the  computer  program 
was  amended  to  check  the  validity  of  the  preferred  measures  for  total  inpatient  hospital 
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discharges,  F88C  (total  hospital  discharges,  excluding  swing  bed  SNF  and  swing  bed  ICF),  and 
total  Medicare  hospital  discharges,  F82B  (Medicare  hospital  discharges,  excluding  swing  bed 
SNF  and  swing  bed  ICF),  with  nonMedicare  discharges  calculated  as  the  difference  between 
F88C  and  F82B.  The  algorithm  which  was  developed  checks  for  non-positive,  missing,  or 
implausible  values  (based  on  upper  and  lower  bounds  of  the  distribution  of  lengths  of  stay)  and 
substitutes  other  measures  of  hospital  discharges  available  from  both  HCRIS  and  the  ASH. 
Figure  IV- 1  reproduces  this  portion  of  the  program. 

External  Validation  Using  Data  from  University  Hospital  Consortium  Hospitals 

The  University  Hospital  Consortium  (UHC)  provided  estimates  of  the  average  inpatient 
hospital  cost  per  discharge  for  all  patients,  Medicare  patients,  and  nonMedicare  patients  for  29  of 
their  members  who  had  provided  UHC  with  complete  UB-82  patient  billing  data  for  1992.  As  is 
described  in  Appendix  A3,  these  patient  level  data  were  used  as  an  independent  source  of 
information  with  an  independent  methodology  to  construct  estimates  for  comparison  with  those 
generated  from  hospital  cost  center  data  from  the  HCRIS.  The  UHC  data  were  assumed  to  be  an 
acceptable  benchmark  for  evaluating  our  methodology  because  their  patient  level  data  permit  an 
unambiguous  accounting  of  all  services,  especially  ancillary  services,  received  by  hospital 
inpatients.  In  addition,  the  fact  that  their  member  hospitals  are  all  major  medical  centers  suggests 
that  those  hospitals  should  have  both  relatively  sophisticated  data  management  systems,  as  well 
as  exemplify  the  "worst  case  scenarios"  for  allocating  cost  report  data  for  large  institutions  with 
substantial  outpatient,  teaching,  and  research  activities.  In  other  words,  if  our  methodology 
produces  estimates  that  are  reasonable  for  this  small  set  of  hospitals,  then  it  would  be  reasonable 
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Figure  IV- 1 


SAS  Code  'or  Replacing  Implausible  Values  of 
Medicare  and  TotaJ  Inpatient  Hospital  Discharges 
(See  Appenaix  8  for  entire  program) 


/  t«?ia«  u,  negative,  miSSmg,  or  implausible  values  of  F82BfMedicare  inpatient 
nospitai  discharges,  excluding  SNF  and  ICF)  with  other  measures  of 
Medicare  inpatient  hospital  discharges  from  AHA  or  HCRIS  •/ 

/'MLOS  is  the  Medicare  average  length  of  stay*/ 

f82bfj=0;  f88ctl=0; 
ifr52b  le  0  then  f82bfl  =  I, 
if  dch    le  0  then  dch    =  dctot; 
if  mcrdch  le  0  then  mcrdch  -  mcrdc; 
if  fS2b  Ie0thenf82b  =  f82  ; 
iff82b  Ie0thenf82b  =  mcrdch, 
if  f82b  Ie0thenf82b  =  f83  , 
iff82b  Ie0thenf82b  =  mcrdc; 
mios  =  f59  /f82b, 
ifmiosne  then  do, 
if  mios  It  2.4  or  mios  gt  20  then  do;  fS2b  =  f82; 

fSIbfl  =  I;  END; 

mios  -  f59  /  fS2b; 

if  mios  It  2.4  or  mios  gt  20  then  do;  f82b  =  mcrdch; 

f82bfJ  =   1;  END; 

mios  -  f59  /  f82b; 

if  mios  It  2.4  or  mios  gt  20  then  do:  ro2b  =f8J, 
f82bfl=   I,  END; 

mios  =  £59  /  f82b, 

if  mios  It  2.4  or  mios  gt  20  then  do;  f82b  =  mcrdc; 

fB2bfl  =   1;  END; 

END; 


/*  Replace  0,  negative,  missing,  or  implausible  values  of  F88C 
(total  hospital  discharges,  excluding  SNF  and  ICF)  with 
other  measures  of  total  discharges  from  AHA  or  HCRIS.  V 

/*TLOS  is  the  length  of  stay  for  all  inpatients.*/ 

if  f88c  le  0  then  f88cfl  =  1; 
if  fS8c  le  0  then  f88c  »f88, 
if  f88c  le  0  then  f88c  *dch; 
if  f88c  le  0  then  f88c  -  f89  , 
if  f88c  le  0  then  f88c  -  dctot ; 
tlos  -  f72  /  f88c; 
if  tlos  ne .  then  do; 
if  tlos  It  1.8  or  tlos  gt  15  then  do;  f88c  -f88; 

f88cfi  =  1;  END; 

tlos  -  t72  /  f88c; 

if  tlos  It  1.8  or  tlos  gt  15  then  do,  f88c  -dch; 

f88cfl  =  I;  END; 

tlos  =  f72  /  f88c; 

if  tlos  It  1.8  or  tlos  gt  15  then  do;  f88c  -f89; 

f88cfl  -  1;  END; 

tlos  -  f72  /  f88c; 

if  tlos  It  1.8  or  tlos  gt  15  then  do;  f88c  -  dctot; 

f88cfl  -  1;  END; 


to  infer  that  the  methodology  produces  acceptable  estimates  for  other  hospitals,  especially  those 
that  do  not  have  major  teaching  and  outpatient  activities. 

One  limitation  of  this  strategy  for  validating  the  methodology,  however,  is  that  UHC 
hospitals  typically  do  not  engage  in  extensive  long-term  care  activities.  The  provision  of  such 
care  is  more  likely  to  occur  in  smaller  hospitals,  especially  rural  hospitals.  If  a  UB-82  or  similar 
patient  level  data  base  could  be  obtained  for  a  sample  of  smaller  hospitals,  then  further  validation 
of  the  methodology  should  be  conducted.  Unfortunately,  we  are  unaware  of  any  such  data  base. 

Comparisons  of  the  estimates  of  inpatient  hospital  cost  per  discharge  were  conducted 
separately  for  each  of  the  29  UHC  hospitals.  Examination  of  the  underlying  data  for  cases  with 
estimated  values  that  differed  by  more  than  10%  in  either  direction  revealed  differences  in  the 
counts  of  patients  discharged  and  implausible  values  (i.e.,  either  0,  or  1  or  larger)  of  two  key 
parameters  used  in  the  basic  formula  for  estimating  inpatient  hospital  cost.  One  is  the  Direct 
Capital  Ratio  (DCR),  which  is  used  to  estimate  the  amount  of  direct  capital  costs  assigned  to  each 
cost  center.  This  parameter  assumes  that  the  hospital-wide  ratio  of  direct  capital  costs  to  total 
capital  costs  can  be  applied  to  each  cost  center.  The  second  key  parameter  is  the  Inpatient 
Ancillary  Cost  Ratio  (IACR),  which  is  the  ratio  of  charges  for  inpatient  ancillary  services  to  total 
charges  for  all  ancillary  services. 

Based  on  these  findings,  we  estimated  regression  models  using  data  for  hospitals  with  non- 
extreme  values  of  DCR  or  IACR  for  the  purpose  of  imputing  estimated  values  of  these  parameters 
for  other  hospitals.  These  regression  procedures  were  incorporated  into  the  final  computer 
program.  The  regression  models'  parameters  are  reported  in  Appendix  A4. 
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Subsuming  predicted  values  of  DCR  and  IACR  for  extreme  values  and  using  ,he  UHC 
discharge  counts  when  there  were  large  discrepancies  between  UHC  and  HCRIS  produced 
dtstnbutions  of  estimated  inpatient  hospital  cos,  per  discharge  that  we  believe  are  reasonably  good 
approxtmattons  to  the  cost  estimates  produced  by  UHC  from  the  UB-82  data.  Table  IV-3  reports 
.he  values  of  the  ratios  of  cost  per  case  estimated  from  the  two  methodologies  and  data  sources. 
The  upper  panel  reports  values  for  individual  hospitals  a,  dtfferent  points  of  the  distribute  of 
cos,  per  case.  The  lower  portion  is  the  distribution  of  the  ratio  of  the  cost-per-case  estimates. 
The  medians  of  the  two  distributions  are  virtually  identical;  half  of  the  hospital*  have  values  that 
are  no  more  than  3.7%  larger  or  9.8%  smaller;  and  90%  of  the  cases  have  values  that  are  within 
approximately  20%  of  each  other. 

Allocating  Ancillary  Costs  Between  Inpatient  and  Outpatient  Settings 

One  of  the  key  challenges  of  the  task  of  estimating  cost  per  inpatient  acute  care  case  was 
developmg  an  approach  for  separating  ancillary  costs  for  acute-care  inpatient  cases  from  facilities- 
total  ancillary  costs,  as  reported  on  the  HCRIS.  The  underlying  methodology  has  two  baste  steps. 
The  first  uses  data  on  charges  for  inpatient  and  outpatient  ancillary  serves  to  estimate  total 
inpatient  ancillary  costs  from  total  ancillary  costs  for  the  facility.  The  second  step  apportions  the 
estimate  of  inpatient  ancillary  costs  between  the  acute  care  and  other  inpatient  settings,  using  data 
on  charges  for  inpatient  routine  care,  inpatient  special  care,  and  total  inpatient  care  services.  As 
noted  above,  however,  the  necessary  charge  data  are  frequently  missing  and,  from  the  UHC 
comparisons,  the  ratio  of  inpatient  to  total  ancillary  charges  can  exceed  plausible  upper  and  lower 
bounds  (0.99  and  0.01). 
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Accordingly,  implementation  of  this  portion  of  the  methodology  first  imputes  values  for 
hospitals  with  missing  or  implausible  data  for  the  relevant  charge  information,  and  then  replaces 
extreme  values  of  the  ratio  of  inpatient  to  total  ancillary  charges  with  values  from  the  predictive 
regression  model  for  IACR.  (The  regression  models  for  the  charge  variables,  which  are  reported 
in  Appendix  A5,  differ  from  those  in  Appendix  A2  by  excluding  cases  with  implausible  values  as 
well  as  missing  values.)  The  computer  code  for  this  portion  of  the  program  is  reproduced  as 
Figure  IV-2.  Note  that  three  alternative  specifications  of  the  predictive  model  for  IACR  were 
used  in  order  to  take  full  advantage  of  data  on  total  or  Medicare  outpatient  revenues.  Preference 
is  given  to  the  version  of  the  model  that  is  estimated  with  data  for  total  outpatient  revenues. 
However,  since  this  data  is  itself  often  missing,  the  alternative  specifications  use  either  Medicare 
outpatient  revenues,  if  available,  or  no  outpatient  revenue  information  where  both  total  and 
Medicare  revenue  data  are  missing. 

C.     Final  Estimates  of  Average  Inpatient  Hospital  Cost  per  Discharge 

After  making  the  adjustments  described  in  the  preceding  sections,  we  recalculated  the 
estimates  for  average  total  inpatient  hospital  cost  per  inpatient  discharge  for  all  patients,  Medicare 
patients,  and  nonMedicare  patients.  The  distributions  of  these  estimates,  which  are  reported  in 
Table  IV-4,  suggest  that  a  number  of  hospitals  still  have  implausibly  large  or  small  values. 

Since  the  ultimate  purpose  of  these  estimates  is  to  conduct  simulations  of  the  distributional 
effects  of  alternative  all  payer  reimbursement  systems,  as  opposed  to  making  actual  payments  to 
hospitals,  it  was  decided  to  replace  extreme  values  by  imputed  values  more  likely  to  reflect  the 
true  cost  situation  of  a  hospital  under  accurate  and  stable  conditions.  In  other  words,  the 
implausible  values  could  be  the  result  of  a  combination  of  two  factors:  (1)  inaccurate  reporting, 
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Figure  IV-2 

SAS  Code  for  Estimating  Inpatient 
Acute  Care  Ancillary  Costs 

(See  Appendix  8  for  entire  program) 


'*  TAC  :s  total  facility  anc-Jlary  costs,  calculated  by  summing 
total  costs,  including  ail  capital  and  intern/resident  costs, 
over  individual  ancillary  departments,  from  operating  room  (F231) 
to  renal  dialysis  17253)  excluding  F244  and  F246,  which  are  limit 
adjustment  neids. 

IRCSTA  :s  :ntern  and  resident  cost  in  ancillary  service  departments. 

(TAC  is  initialized  at  the  value  of  £239  because  there  are  no 

corresponding  Selds  for  intern/resident  costs  or  capital  costs  )  */ 
TAC -239;  IRCSTA  =  0; 
DO  1  =  6  to  25; 

TAC    =  TAC  *  CWT); 

IRCSTA  =  IRCSTA  *  IRC(I);  END; 


/'This  portion  of  the  program  generates  imputed  values  for  hospitals 
with  missing  data  for  various  measures  of  hospitals'  charges.*/ 

DATA  x,  set  y; 

scdays  =  £69  -  f70  -  f71, 

labei  scdays=  559  -  f70  +  f7I'; 

lff!6  =log(f516); 

IS  17  =log(f517); 

IE  IS  =log(f518); 

1519  =  log<519); 

1525  =!og^f525); 

lexptot  =  log(exptot); 

Itac    =  log(tac) , 

Idr.ot  =  log(dctot); 

DATA  y;  set  x;  if  f5 1 6  le  0  then  f5 1 6-. ; 
PROC  REG  SIMPLE; 

MODEL  lf5 1 6  =  lexptot  lf88c  /noint; 

oureut  our=pif516  p=plS16; 
RUN, 

DATAy;  set  plf516,  if  SI7  le  0  then  £517-.;; 

PROC  REG  SIMPLE, 

MODEL  lfS  1 7  -  lexptot  IfSSc  /noint; 

outuut  our=plf517  p-pl517; 

RUN, 

DATA  y;  set  p!517;  if  518  le  0  and  scdays  gt  0  then  lf518-., 
PROC  REG  SIMPLE; 

MODEL  If5 1 8  -  lexptot  f59  f70  £71  /noint; 

output  out=pl518  p-plEl8; 
RUN; 

DATA  y;  set  plf518;  if  519  le  0  then  519-.; 
PROC  REG  SIMPLE; 
MODEL  lf5 19  -  ltac  I£S8c  /noint; 
output  out=pl519  p-pl519; 

RUN; 

DATA  y.  set  pl5 19;  if 525  le  0  then  525-., 
PROC  REG  SIMPLE; 

MODEL  1525  -  lexptot  Idctot  /noint; 

output  out=piE25  p-piE25; 

DATA  y,  set  pl525; 


p5l6  =  exp(p!516); 
p517=*exp(p!517); 


Figure  IV-2,  cont. 


prTiS  =  expi'pifflSi, 
pt?i9  =  ocpipif5l9); 
p525  =  expi'pif5:<); 


/*  Replace  0.  negative,  jr  missing  values  of  the  revenue  variables 

with  predicted  vaiues  Tom  a  set  of  regression  models.  */ 
iengtn  f5l6fl  51*2  S'.Sfl  :3i9fl  S25Q  £S2b£I  i88cf  3; 
f5I6fl=0;  5179-0;  5138-0;  519fi-0;  5258-0; 
if  516  !e  0  then  do;  516  -  p516,  5163-1;  END; 

if  517  le  0  then  do;  517  -  p£5l7;  5178-1;  END; 

if  518  Le  0  and  scdays  >  0  then  do;  518  -  pff  18;  518fM;  END; 
if  5 1 9  le  0  then  do;  5 1 9  -  p5 1 9;  5 1 9fl- 1 ,  END; 

if  523  le  0  then  do;  525  -  p525,  5220-1;  END; 

•DROP  ?516-pr725; 

DATA  r.  set  r, 

 ............................. 

/*  IACR  is  the  rauo  of  inpatient  ancillary  charges  to 
totai  ancillary  charges.  V 
IACR  -519/(519-521); 


mcroutp  -  f<W8  /  (f*53  -  f448); 
oun-evp  -  524  /  (523  -  524); 

DATA  y,  set  x; 
iacrd=0; 

IF  IACR  LT  01  orIACRgt  .99thendo;IACR-  ,iacrfl-l;END; 

PROC  REG  data-y  simple;  MODEL 
IACR  =  lf88c  £74  d2602  d2603  d2604  d2605  d2606  d2607 

d2508  d2509  d26I0d2611  d26I2  d25I3, 
output  our=x  p=PIACRl; 

PROC  REG  data-x  simple;  MODEL 
IACR  =  IfSSc  £74  d2602  d2603  d2604  d2605  d2606  d2607 

d2608  d2S09  d2610d2611  d2612d2613  mcrourp; 
output  our-y  p»PIACR2; 

PROC  REG  data-y  simple;  MODEL 
IACR  =  lfS8c  f74  d2602  d2603  d2604  d2605  d2606  d2607 

d2608  d2609  d2610  d26U  d2612  d2613  outrevp; 
output  our*x  p-PIACR3; 

DATA  y(drop-i  d3248  d32S4);  set  x; 
PIACR  -  PIACR3, 

IF  PIACR  LE  0  then  PIACR  -  PIACR2; 
IF  PIACR  LE  0  then  PIACR  -  PIACRI; 
if  IACR-.  then  IACR-PIACR, 


/*  INPAC  is  total  inpatient  ancillary  costs  calculated  by  multiplying 
IACR  (ratio  of  inpatient  to  total  ancillary  charges)  times 
TAC  (total  facility  ancillary  costs).  •/ 

INPAC    -IACR*  TAC, 


/"  IAACR  is  the  ratio  of  inpatient  acute  care  charges  (routine  plus 
special  care)  to  total  inpatient  charges,  which  includes 
subproviders  and  long  term  care. 

(If  IAACR  s  greater  than  1,  it  is  set  equal  to  I.)  V 

IAACR    -(516 +  518)/ (517 +  518); 

if  IAACR  >  1  then  IAACR  -  I; 


r  

/"  IAC  is  inpatient  acute  care  ancillary  cost,  which  is  calculated 
by  multiplying  IAACR  times  INPAC  (total  inpatient  ancillary  costs).  V 


'/ 


wh,ch  presumably  wouId  „  reduced  mder  a  sysKm  iha(  actua]iy       ^  ^  ^  ^ 

stable,  long  run  sitnation  than  random  short-term  fluctuations. 

Based  on  these  cons.derations,  therefore,  we  estimated  a  se,  of  regress.on  models  using 
data  for  hosphals  whose  cos,  esfimates  were  hctween  approx,ma,ely  the  2nd  and  **  percentHes 

PaUemS'  Med'CarC  Pa"emS'  -  P— *  These  modeis,  which  include  both 

hospita,  and  area  characterist.es,  were  then  used  to  generate  predicted  vaiues  of  the  cos,  per 
discharge. 

Pred,c,ed  vaJues  have  been  subs,i,„,ed  for  ex.eme  vaines,  defined  as  ,hose  wh,ch  are  enher 
below  or  above  me  deS1g„a,ed  mmimum  or  maxtmum  vaiues.  Since  geograpmc  variables  were 
no,  avadable  for  a  number  of  hospi,ais,  ,wo  forms  of  this  ,as,  se,  of  predicfive  modeis  were 
es,ima,ed,  one  w,,h  geographic  varies  and  one  wnhou,  ,f  a  hospnai  s,„,  had  a  mtssmg  vaiue 

d,v,dmg  total  faclity  costs  (F263,  bv  total  discharges  «F88C,.  (Appendix  A6  reports  the 

wtth  extreme  values,  SubS,„u„o„s  were  made  for  hospnals  for  wh,ch  the  predated  values  were 
closer  to  the  uPFer  and  lower  bounds  of  me  distribution  of  plausible  values  than  were  ,he  dnectlv 
calculated  values. 
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Adjustments  for  Difftrences  ln  Reportfng  periods        finai  ^^^^^  ^ 
estimates  of  average  inpatient  cos,  per  case  correct  for  variattons  ,„  the  stan  da,e  and  iength  of 
■he  reponing  penod.  The  da,a  hospi,a,s  repon  on  HCRfS  are  keyed  ,o  mdividua,  hospita*  fisca. 

some  hospuais  repon  da.a  for  periods  other  than  tweive  months  and,  for  a  sma,,  number  of 
hospi,a,s,  the  data  reported  refer  to  a  different  time  period  ahogether.  For  the  purpose  of 
conducting  situations  of  ahernattve  a,,  payer  payment  systems,  i,  is  usefu,  to  adjust  the  cos, 
estimates  so  tha,  ai,  vaiues  refer  to  the  same  ttme  penod.  This  was  done  hy  esttmating  a 
agression  mode,  ,ha,  deveiops  adjustment  factors  for  hosp,,a,s  with  reporting  periods  of  different 
iengths  and/or  different  stariing  dates.  The  parameters  from  the  regress.on  mode,  were  used  to 
resca*  the  es,,ma,es  to  a  standard  reporimg  period  of  ,„e,ve  months,  begmnmg  on  January  ,, 
1991. 

These  regression  mode,s  are  reported  in  Appendix  A7.  ^  varjab,e  mea5unng  a  ^ 
penod  other  than  twe.ve  months  was  higMy  ,„s,g„,fiCa„,,  suggssting  ^  ^  ^  ^ 
discharges  reponed  hy  i„s,,,„„o„s  with  nonstandard  reponing  penods  were  appropriate* 
cahhrated  ,o  each  „,he,  However,  the  variaWe  measuring  the  deference  (in  days,  between  the 
ac,ua,  s,ani„g  da,e  of  the  reponing  penod  and  the  reference  date  of  January  ,.  ,99,  was 
stansttcahy  significant,  and  suggested  tha,  cos,  per  case  was  ,ower  by  between  $3.18  and  $1.25 
(depending  on  payer  source)  for  each  day  eariier  tha,  a  hospital  reponing  penod  actuahy  began. 
The  fina,  es.imates  of  cos,  per  case  are  adjusted  for  ,hese  deferences,  so  ,ha,  the  va,ues  that  „i„ 
be  used  in  subsequen,  sunulauons  are,  in  effect,  standardized  ,o  corree,  for  i„fla,ion  and  o,her 
secular  changes  in  the  cost  per  inpatient  case. 
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Table  IV-5  presents  ,he  dictation  of  ,he  final  estimates  of  the  inpatient  cost  per  inpanen, 
discharge,  adjusted  for  variations  ,n  starttng  dates.  (Note  that  the  numbers  of  hospitals  in  the 
.hree  columns  vary,  and  also  differ  from  the  numbers  reported  in  Tabic  IV-4,  because  of  the 
vanous  imputations  performed  in  moving  from  Table  IV-4  to  Table  IV-5.)  Although  the 
minimum  and  maximum  values  are  still  implaustble,  the  Is,  and  99,h  percentile  values  seem  qmte 
reasonable.  Thus,  for  approximately  98  percent  of  the  hospitals  in  the  universe,  this  methodology 
appears  to  produce  reasonable  estimates  of  the  cos,  per  case  for  the  purpose  of  conducting 
simulations.  As  a  benchmark  for  comparison,  the  Prospective  Payment  Assessment  Commission 
based  estimatesof  hospitals'  cost  per  case  for  fiscal  year  1992  on  a  universe  of  4,453  hospitals. 
(Personal  communication  from  Stuart  Gutterman,  June  27, 1994.) 

Appendix  A8  contams  cop.es  of  the  complete  computer  programs  used  for  this  task. 
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Table  IV-1 
Validity  Checks  for  True  Zeros 


Variable 
F180 


F222 


F223 
F224 
F225 

F227 

F313 
F314 
F344 

F440 

F458 

F516 
F517 
F518 

F519 


Name 
Intern  &  Resident  Cost 


General  Routine  Care 
Costs 


ICU  Costs 

CCU  Costs 

Other  Intensive  Care 
Costs 

Nursery  Costs 

Outpatient  Clinic  Costs 

Emergency  Room  Costs 

Medicare  Inpatient 
Ancillary  Costs 

Medical  Education  Costs 
Medicare  Costs 

Inpatient  Routine  Charges 
Facility  Inpatient  Charges 
Special  Care  Charges 


Inpatient  Ancillary 
Charges 


If  the  number  and  residents  (F74)  is  nonzero  and  F180=0  the 
FI80  was  replaced  by  the  sum  of  F141-F179.  m.ern  and 

If  the  number  of  routine  care  days  (F72-F69-F70-F7 1 )  is 

then'set 'to"611  "  '°  miSS,ng'  * ICU  dayS  (F69> ls  no"-ro. 
men  set  to  missing 

If  ICU  days  (F69)  is  nonzero  ,hen  set  to  missm^ 
jf  CCU  days  (F70)  is  nonzero.  rhpn  set  to  miss.ng 

missm,gmtenS1Ve  CarC  d3yS  (F7°  'S  n0nzero' then  set  <° 

.SSSy  b'rthS  <AHA  ^^^n 

.If  other  outpatient  visits  (AHA)  is  m^  ,k~  „  

If  emergency  visits  (AHA)  is  nnn7Pm  ,hen  set  to  missin 
^Mgcare  facility  d.scharges  (F83)  is  nonzero,  then  set  to 

If  the  number  of  residents  (F74)  and  Med.care  discharges 
(HS2)  are  nonzero,  then  set  to  missint 

^Mgcare  facility  discharges  (F83)  are  nonzero,  then  set  to 

If  inpatient  days  (F72)  is  nonzero  ih.n  «», ,n  ^„inr 
-  '0tal  dis^arges  (F89)  is  nonzero  ,hPn  set  to  missing 
WtTmSf VC  ^        (F69+F70+F71 1 IS  "°nzero.  then 

If  the  sum  of  inpatient  ancillary  cost  centers  (F231-F^53)  is 
nonzero,  then  set  to  missinc 
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Table  IV-2 

Variables  With  Missing  Values  From  HCRIS 


Variable 

Name 

Number  of 
Missing  Cases 

F82B 

mtuiL^c  L^ibcuariits--nosp.  lot  (fc,xc  oBSNF) 

24 

F139 

i  uiai  i^uiipfiyaiciaii  /\nesinetist  Costs 

4 

F180 

ii\  i  vial  v^usis  iM.pproveu  rrosrams) 

6 

F181 

^-rvr  i-'ucLi  /\ssgna  Keiatea  Losts— Inp 

~> 

F222 

rvuuu>  ol  rcuidirics  (Koutine  Care) 

6 

F223 

IntPrKive  Cirp  I  Tnit 

1 

F224 

Cnronarv  Carp  I  Tnit 

9 

F225 

r-i.it  wuici  oucLldl  Units 

1 

F227 

Mnrcprv 

177 

F236 

i\.auiuiuj;v —  i  nerapeuuc 

1 

F237 

R  uninicnf  nnp 

F242 

iiiu  avciiuiia  i  nerapv 

1 

F243 

RpCTlirStnn/    1  Tiarom  / 

r\.tajjii  diui  v  i  ncrapv 

3 

F245 

Phv^iral  TTipmru; 

1 

F248 

Sneech  TTipmnv 

1 

F249 

FlectmrnrHinlnov 

1 — 1 1  V>  l.  Li  UL.tJlUIUIUJiV 

1 

F250 

Electroencpnhal  ntrranhv 

1 

F251 

.utuitdi  ouppncs  v^nargcu  ratients 

2 

F253 

Renal  Dialv^is 

~> 

F440 

Total  Hospital  Medical  Ed  Pass-Thru 

581 

F458 

Total  Medicare  Inp  Op  Cost  Inc  Pass-Thru 

8 

F516 

Hospital  Inpatient  Routine  Service  Rev 

55 

F5I7 

Total  Facilitv  Inpatient  Revenue 

47 

F518 

Hospital  Special  Care  Revenue 

414 

F519 

Inpatient  Ancillarv  Revenue 

237 
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Table  IV-3 


Acute  Care,  Hospital  Cost  per  Inpatient  Discharge 
UHC  and  HCRIS  Data  and  Methodologies 
(twenty-nine  UHC  member  hospitals) 


Hospitals  Ranked  by 

UHC  Value 

Minimum  Value 

10th  Percentile 

25th  Percentile 
50th  Percentile 
75th  Percentile 
90th  Percentile 
Maximum  Value 


Values  for  Specific  Hospitals 

Data  and  Methodology 


Distribution  of  the  Ratio  of  the 
 UHC  to  theHCRIS  Estimates 

Minimum  Value 

0.78 

10th  Percentile 

0.84 

25th  Percentile 

0.90 

50th  Percentile 

1.00 

75th  Percentile 

1.04 

90th  Percentile  

 L2J  

Maximum  Value 

1.43 
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Table  IV-4 


Distributions  of  Initial  Estimates  of  the 
Average  Inpatient  Acute  Care  Costs  per 
Case,  by  Payer 


Paver  Source 

All  Payer 

Medicare 

NonMedicare 

Number  of  Cases 

5.375 

5,416 

5,369 

Missing  Cases 

61 

20 

67 

Minimum  Value 

$  70 

$  0 

$-99,518 

1st  Percentile 

1,270 

1,396 

159 

5th  Percentile 

1,844 

2.376 

1,020 

25th  Percentile 

2,765 

3,613 

2,052 

50th  Percentile 

3,582 

4,882 

2.815 

75th  Percentile 

4.698 

6,417 

3,843 

95th  Percentile 

7,233 

9,540 

6,575 

99th  Percentile 

10,801 

13,735 

11,752 

Maximum  Value 

504,600 

84.347 

1,057,035 

Mean  Value 

4.1 12 

5.338 

3,599 
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Table  IV-5 


Distributions  of  Final  Estimates  of  the  Average  Inpat 
Acute  Care  Costs  per  Case,  by  Payer 
(Adjusted  for  extreme  values  and  differences  in 
reporting  period  start  dates*) 


lent 


Number  of  Cases 
Missing  Cases 

Minimum  Value 
st  Percentile 
5th  Percentile 
25th  Percentile 
50th  Percentile 
75th  Percentile 
95th  Percentile 
99th  Percentile 
Maximum  Value 

Mean  Value 


All  Paver 

 Medicare  

 5,424 

 5.426 

  12 

 10 

$-33] 
1,179 
1.719 
2,641 
3,446 
4,564 
6,923 
8,586 
919,387 

4,070 


_0 

1,929 
2,394 
3,580 
4,829 
6,340 
8.859 
10,710 
297,787 

5.204 


J^onMedicare 
5.423_ 

11 

$-119 
.006 
1,384 
2,151 
2,856 
3,85! 
6.365 
8,676 
294.655 

3,355 


Standardized  to  a  reporting  period  starting  on  January  1,  1991 
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V.       DRG  BASED  PROSPECTIVE  PAYMENT  RATES  FOR  MEDICARE  AND 
NONMEDICARE  PATIENTS:  SHOULD  PAYMENT  AMOUNTS  DIFFER  BY 
PAYER  AND  TYPE  OF  HOSPITAL?1 


A.  INTRODUCTION 

This  chapter  presents  the  results  of  our  efforts  to  determine  whether  and  to  what  degree 
DRG-based  payment  rates  for  inpatient  services  should  incorporate  adjustments  for  certain  factors 
which  are  thought  to  account  for  differences  in  average  cost  per  discharge  across  hospitals.  The 
potential  adjustments  we  examine  are  those  which  have  been  incorporated  into  Medicare 
payments  in  recent  years,  adjustments  for  differences  among  hospitals  in  local  labor  cost,  casemix, 
urban/rural  location,  involvement  in  training  of  interns  and  residents,  and  the  importance  of  low 
income  patients  in  the  hospital's  caseload.  The  paper  examines  the  extent  to  which  these  variables 
are  related  to  average  cost  per  discharge  for  both  Medicare  and  nonMedicare  patients  and  the 
degree  to  which  the  implied  magnitude  of  payment  adjustments  for  each  of  the  key  cost-related 
factors  should  be  equal  or  different  for  Medicare  and  nonMedicare  patients. 
B.  BACKGROUND 

Since  its  inception  in  1983,  Medicare's  PPS  has  incorporated  a  changing  mix  of  payment 
adjustments.  At  the  outset,  each  hospital's  standard  rate  (the  amount  paid  for  a  case  with  a  DRG 
relative  weight  of  1.0)  was  a  weighted  average  of  a  hospital-specific  rate,  a  regional  rate  and  a 
national  rate.  As  the  inclusion  of  the  first  two  of  these  elements  was  phased  out,  hospital-specific 
and  region-specific  rate  adjustments  disappeared.  Rates  were  initially  different  for  urban  and  rural 
hospitals.  Beginning  in  fiscal  year  1988,  different  urban  rates  were  established  for  hospitals  in 


This  chapter  was  written  by  Craig  G.  Coelen,  Jack  Hadley,  Mark  E.  Miller,  and  Margaret  B. 

Sulvetta. 
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metropohtan  areas  of  more  lha„  „ne  mji„on  residents  and  for  hosp|ta|s  .„  ^  ^  ^  ^ 
.he  difference  between  rates  for  rural  and  smaller  nrban  areas  began  ,„  be  phased  on,.  An 
adjustment  for  indirect  medical  edncation  costs  was  tncorporated  into  PPS  a,  its  inceptton  and 
rematns  a  rate  adjnstmen,  today.  Since  May  1986,  PPS  rates  have  also  inclnded  an  adjustment  for 
hospitals  serving  a  disproporttonate  share  of  low-income  patients.  Rnal.y,  exogenously 
determined  differences  in  inpn,  prices  have  a!ways  been  accounted  for  in  PPS  by  using  a  reg.onal 
wage  index  to  adjust  the  national  standard  rate  to  a  locally  applicable  rate.! 

The  purpose  of  the  rate  adjustments  in  PPS  has  been  to  compensate  for  cost-related 
factors  over  which  hospitals  have  no  control  or  whtch  arise  as  the  result  of  a  widely  accepted 
special  mission  of  the  hospital.'  Exogenously  deterrmned  differences  in  input  pnees  constitute  a 
cost-related  factor  beyond  the  hospital's  control.  However,  hospital-specie  differences  in  wage 
rates  or  fringe  benefits  are  the  result  of  hospitals'  decisions  and,  by  the  philosophy  underlying  PPS 
payment  adjustments,  ought  not  be  reflected  in  payment-rate  differentials.  Similarly,  PPS  rates 
■axe  no  account  of  the  level  of  amenities  a  hospital  provides  to  patients,  of  a  specific  hospital's 
low  or  h,gh  oecupaney  rate,  and  of  a  hospital's  ph.losophy  about  appropriate  recuperation  pertods 
and  resulting  length  of  stay.  PPS  rates  do  attempt  to  adjust  for  the  degree  to  which  a  hospital's 
participation  in  a  medical  education  program  or  tts  treatment  of  a  disproportionate  share  of  low. 


p.  .     !?,heila  M^Dousherty.  Phillip  G.  Cotterill.  Steven  Phillips,  Elizabeth  Richter,  Nancy  De  Lew 

R  es  I"0™5        "MediCare  Pr0SpeC"ve  Pa^"'  W">™  Separate  U  ban I, Rural 

Kates,  Health  Care  Financing  Review,  Winter  1992,  p.  34 
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.ncome  pauents  ind.rectly  affect  its  average  cost  per  discharge-because  these  special  roles  of  a 
hospital  are  judged  by  Congress  to  be  worthy  of  Medicare's  financial  support. 

The  need  for  and  the  appropriate  calibration  of  PPS  payment  adjustments  have  been  the 
subject  of  continuing  empirical  study  at  the  Health  Care  Financing  Administration,  at  the 
Prospective  Payment  Assessment  Commission  and  within  the  outside  research  community.  In  a 
study  that  became  the  basts  for  much  of  the  initial  design  of  PPS,  Pettengill  and  Vertrees4  used 
ordinary  least  squares  to  obtain  the  following  relationship  (numbers  in  parentheses  are  t-statistics): 

MMedicareCostPerDischarge)  =  Intercept  +  1.081*  /^MedicareCasem.xIndex)  +  1.000*  /.(Wage) 
+  0.569*  ,„< ,  +  Interns&  Residems  ,  Beds)  +  /fl(Beds)  +  o  QQ2m  D  ^ 

v-~U)  (0  7 i  * 


+  0.037*  Dummy:MediumCity  +  0.149*  Dummy:  LargeCity  —  _QJ2 


Estimated  from  1978/79  data  for  5071  hospitals,  the  equation  supported  the  proposition  that 
Medicare  cost  per  discharge  increases  proportionately  with  increases  in  hospitals'  Medicare 
casemix  index  (i.e.,  we  cannot  reject  the  hypothesis  that  the  coefficient  of  the  logarithm  of 
casemix  is  equal  to  1 .0).  Further,  the  results  support  payment  rate  differentials  for  teaching 
hospitals  and  for  hospitals  in  medium  and  large  urban  areas. 

There  are  three  significant  inconsistencies  between  the  adjustments  suggested  by  Pettengill 
and  Vertrees'  results  and  the  adjustments  incorporated  into  the  initial  version  of  PPS.  First, 
despite  strong  evidence  that  bedsize  is  positively  correlated  with  Medicare  cost,  PPS  contained  no 
bedsize-related  payment  differential-perhaps  because  hospitals  would  otherwise  have  the  ability 
to  change  their  Medicare  payments  by  increasing  the  number  of  beds  available  for  service. 


'Julian  Pettengill  and  James  Vertrees,  "Reliability  and  Validity  in  Hospital  Case-Mix 
Measurement,"  Health  Care  Financing  Review,  December  1982,  pp.  101-27. 


Second.  Congress  set  the  magnitude  of  the  PPS  teaching  adjustment  at  approximately  twice  the 
value  implied  by  the  estimated  regression  equation,  at  least  in  part  to  compensate  for  costs  related 
to  hospitals'  serving  a  disproportionate  share  of  low-income  patients.5  Third,  because  it  can  be 
shown  that  the  coefficient  of  the  logarithm  of  the  wage  index  is  a  close  approximation  for  the 
portion  of  cost  that  will  increase  proportionately  with  wages  (the  residual  fraction  being  wage- 
invariant),  the  empirical  results  are  inconsistent  with  the  PPS  practice  of  applying  the  wage  index 
adjustment  to  only  the  compensation-related  portion  of  average  cost  (wages,  salaries  and  fringe 
benefits  comprised  about  79  percent  of  hospital  cost,  on  average,  at  PPS's  inception).  On  the 
basis  of  the  estimated  coefficient  of  the  wage-index  in  the  above  equation,  the  wage  index  should 
have  been  used  to  adjust  100  percent  of  Medicare  cost  per  case. 

Two  years  later,  other  HCFA  staff  re-estimated  the  Pettengill  and  Vertrees  equation  with 
1981  data  and  an  about  equal-size  sample  of  hospitals:6 


MMedicareCostPerDischarge)  =  7.322  +  1 .012*  /*(MedicareCasemixIndex)  +  1 .023*  /nfWaae) 

<233)  (27.5)  C 

+  0.580*  ln{\  +  Interns&  Residents  /  Beds)  +  0.1 19*  /n(Beds)  +  0.001*  Dummy  SmallCity 

(24.4)  ,0.01  : 

+  0.026*  Dummy:MediumCity  +  0.109*  Dummy:LargeCity  5"-     n  ^ 

"  (7.8)  j        o       j  k  =0.72 


With  the  exception  of  a  27  percent  reduction  in  the  implied  cost  differential  between  rural 
hospitals  and  those  located  in  large  urban  areas,  the  later  results  match  those  of  Pettengill  and 
Vertrees  very  closely.  In  part  by  fitting  a  similar  equation  with  a  casemix  index  computed  from 
relative  average  charges  per  DRG  rather  than  relative  average  cost,  the  later  study  demonstrated 


5. 

6 


'Congressional  Budget  Office,  Medicare's  Disproportionate  Share  Adjustment  for  Hospitals,  p. 


Phillip  Cotterill,  Joel  Bobula,  and  Rose  Connerton,  "Comparison  of  Alternative  Weights  for 
Diagnosis  Related  Groups,"  Health  Care  Financing  Review,  Spring  1986,  pp.  37-51. 


lb.  charge-based  reiative  weigh*  were  good  substitutes  f„r  harde,,o-ca,cu,a,e  and  iess-qu.CKly- 
available  cost-based  weights. 

Penengil,  and  Venrees  argue  that  lhe  effect  of  caSemix  (and.  presumably,  of  other  factors, 
on  a  hosp.tal's  average  cos,  per  discharge  shouid  be  es,,ma,ed  by  fining  a  carefully  derived,  fully 
specified  hospua,  cos,  function  and  using  resulting  parameter  es,iraa,es  ,o  calibra.e  effects.  Da,a 
l,mi,a,ions  precluded  ,heir  use  of  such  an  approach,  and  ihey  resorted  instead  ,o  the  partially 
specified  regression  equation  shown  above.  Several  more  recent  studies  have  demonstrated  the 
sensitivity  of  partieuiar  parameter  es.imates  to  functional  form  and  the  mclusion/exdusion  of 
possible  explanatory  varices.'  Despite  widespread  recogmtion  ,ha,  mode,  specification  matters, 
most  recent  studies  of  the  cahbration  PPS  payment  adjustments  use  the  relatively  simple 
Pettengill/Vertrees  specification  with  few  modifications.8 

There  are  a  number  of  possible  reasons  why  more  complex  models  and  estimation 
•echniques  have  no,  been  used  to  analyze  and  ca.tbrate  PPS  payment  adjustments.  First, 
economic  theory  and  econometric  methods  are  no,  capable  of  solving  a,,  of  me  compiexities 
presented  by  the  speca.  characeris.ics  of  the  marke,  for  hosp.ta,  services  and  by  the  problems  of 
unobservable  vanab.es  (e.g.,  serv.ee  quality  and  nonMed.care  casem.x),  measurement  error  (e.g., 
casemix  and  the  price  of  nonlabor  inputs,  and  simuhaneous  equations  bias  (i.e.,  correlation 


Prospecnve  ^S^tXL^Z  SXt.'*-"  "  ^ 
rtiicci  uku  weights.  Health  Care  Financing  Review  Winter  1QQ?  n  q->-  ck  i  a,  ^uuing 
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of  nonlabor  inputs)  and  simultaneous  equations  bias  (i.e.,  correlation  between  the  error  term  in  the 
cost  equation  and  nght-hand-s.de  variables  which  possibly  are  jointly  determined  with  average 
cost).  It  is  not  known  whether  corrections  for  some  of  the  theoretical  and  statistical  problems  will 
increase  or  decrease  the  combined  errors  arising  from  the  remaining  uncorrected  problems. 
Second,  whatever  statistical  results  emerge,  they  will  serve  as  nothing  more  than  rough  guidance 
to  policy-makers  who  must  balance  them  against  political  considerations  that  statistical  models 
cannot  incorporate  (e.g..  the  perception  that  higher  payments  to  urban  hospitals  unfairly  prevent 
rural  hospitals  from  "catching  up").  Therefore,  the  additional  cost  of  achieving  additional 
precision  may  not  be  justified  by  the  benefit  of  the  additional  accuracy  to  decision-makers. 
Finally,  researchers  disagree  as  to  whether  the  measure  that  is  sought  is  of  the  "pure"  effect  of  a 
factor  (e.g.,  teaching  status  or  disproportionate  share)  on  average  cost  or  the  combined  effect  of 
the  factor  itself  and  of  other  factors  which  may  be  correlated  with  it.  which  belong  in  a  properly 
specified  hospital  cost  equation,  but  which  are  omitted  from  the  partially  specified  equations  used 
to  derive  parameters  for  payment  adjustments  (e.g.,  measure(s)  of  the  volume  of  hospital 
output).9  Under  these  circumstances,  tests  of  the  sensitivity  of  statistical  results  to  changes  in 
economic  assumptions  and  estimation  techniques  may  be  of  greater  value  than  a  search  for  a 
single  definitive  set  of  econometric  results. 
C.       Data  and  Methods 

Most  of  the  data  used  here  are  drawn  from  the  same  sources  as  the  data  used  in  the 
studies  mentioned  above.  Data  on  Medicare,  nonMedicare  and  total  hospital  inpatient  cost  are 


'Compare,  for  example,  the  approach  used  by  the  Congressional  Budget  Office  (Op  Cit  po  58- 
60),  wh.ch  measures  the  effects  of  not  only  d.sproportionate  share  but  also  any  correlates  not  accounted  for 
by  other  existing  payment  adjustments,  with  that  of  O'Dougherty,  et  al.  (Op  Cit  p  43)  which 


measures 
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„9,  Med.careCos.Repo.r  U„,ike  me  cos,  measures  used  prev.ousiy  _ 

-  vaHab.es  mciude  cap,ta,  and  direc,  medica,  educa,ion  cos,  Our  coun.s  of  dlscharges  are 

taken  from  ihe  American  Hospital  Association', 

P     Association  s  (AHA)  annual  survey  and.  where  AHA  data  are 

disproporttona.e  share  perce„tage,  and  of  urban,™,  iccauon  are  from  Medical  prov,der  fi,e 

^^^^^^^^^^^^ 
ralher  lhan  ihe  dai,y  average  of  a„  beds  in  service,,  is  ,ake„  from  ihe  AHA  annua,  survey. 
The  da,a  ,ha,  are  „„iqUe  ,o  ,h,s  s,udy  are  measures  of  Medicare.  „o„Medicare  a„d 

Caims.  tndicating  «„„g  OIher  lhings)  the  hospita,.s  ^  ^  ^  ^  ^ 

edging,  data  for  16.7  million  discharges  were  avails  f 

arges  were  ava,lable  for  computat.on  of  relative  weights  and 

vers,o„  used  ,o  adjus,  ,he  captta,  componen,  of  PPS  paymenls,,  we  adjus,ed  rhe  reponed  «, 
charges  on  each  d.scharge  record  from  a  ".oca,"  to  a  "nationa,"  figure.  "  Separately  for 

S^^n^^SiEr^        **  ™*  —  P-b.e  effects  of 
Data  are  drawn  from  cost  reports  with  1991  enH  h«»c  a 

hosphals  value  for  Medicare's  waee  i„d«  raised  ,„?h  f0r  each  Case  was  d'"«<=1  °V  'he 
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Medicare,  nonMedicare  and  all  patients,  adjusted  charges  were  summed  for  each  DRG  across  the 
19  States  and  divided  by  the  sum  of  discharges  in  the  respective  DRG  across  the  19  States.  The 
resulting  measures  of  average  charge  per  discharge  were  divided  the  grand  average  charge  per 
discharge  to  compute  a  set  of  relative  weights  umque  to  each  patient  group.  These  relative 
weights  were  then  combined  with  counts  of  patients  by  DRG  for  each  hospital  to  compute 
hospital-specific  casemix  indices  for  Medicare,  nonMedicare  and  all  patients.12 

To  compute  a  national  standard  payment  amount  as  the  discharge-weighted  all-State 
average  of  casemix-adjusted  average  cost  at  each  hospital,  casemix  indices  are  needed  for 
hospitals  in  all  States.  The  Medicare,  nonMedicare  and  all-patient  casemix  indices  were  each 
regressed  on  HCFA's  1991  casemix  index  for  Medicare  patients  and  a  large  number  of  other 
hospital-specific  and  catchment-area-specific  variables  from  AHA's  1991  annual  survey  of 
hospitals,  from  HCFA's  provider  file  and  from  the  Area  Resource  File  for  approximately  2000 
hospitals  in  the  19  States  from  which  discharge  data  are  available.  The  resulting  equations 
explained  8 1  and  89  percent,  respectively,  of  the  variation  in  our  nonMedicare  and  all-patient 
casemix  indices  across  hospitals  and  95  percent  of  the  variation  in  our  Medicare  index.'3  The 
equations  were  used  to  project  Medicare,  nonMedicare  and  all-patient  casemix  indices  from  each 
hospital  in  the  3 1  States  and  DC  for  which  we  have  no  State  discharge  data. 

The  statistical  results  reported  below  are  based  on  cost  equations  which  are  very  similar  to 


"Relative  weights  and  casemix  .ndices  were  also  computed  for  Medicaid  patients  but  not  used  in 
the  analysis  reported  here  because  we  have  no  corresponding  measures  of  Med.ca.d-only  hospital  costs. 

"HCFA's ;  Medicare  casemix  index  was,  of  course,  a  better  predictor  of  the  Medicare  index  we 
constructed  from  States  discharge  records  than  of  our  casemix  index  for  non-Medicare  patients  The 
for  the  all-pat,ent  index  obviously  is  a  weighted  average  of  the  R2s  for  the  Medicare  and  non-Medicare 
equations.  The  method  of  weighted  least  squares  was  used  to  calculate  regression  coefficients,  with  counts 
of  discharges  in  the  respective  patient  group  (e.g..  Medicare  discharges)  used  as  weights 
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those  used  in  the  previous  studies  identified  above.  The  simplest  version  of  our  cost  equation 
shown  below: 

/«(CPD)  =  b,  +b,  6KCMD  +  b3  /n(WI)  +  b4  DURBAN) +  b5  ALRGURBAN) 
+b6  /  n(  1  +  IRB  /  OCC)  +  b?  ln(  1  +  DSH%) 
WHERE: 

ln(. . . )  =  Natural  logarithm  of  the  element  in  parentheses; 

D(...)  =  Dummy  variable,  equal  to  1 .0  when  the  hospital  has  the  characteristic  indicated  in 
parentheses,  0.0  otherwise; 
bj  =  model  parameters  to  be  estimated; 

CPD  =  Hospital' s  average  cost  per  discharge,  for  all  patients,  or  Medicare  patients, 

or  non  -  Medicare  patients; 
CM  =  Actual  casemix  index  where  available,  otherwise  estimated  casemix  index,  for  all 
patients,  or  Medicare  patients,  or  non  -  Medicare  patients; 
WI  =  Value  of  Medicare' s  PPS  wage  index  for  the  hospital' s  location  (the  index  used  to  adjust 
non  -  capita]  costs); 
URBAN  =  Hospital  is  located  in  an  urban  area; 
LRGURBAN  =  Hospital  is  located  in  an  unban  area  with  more  than  one  million  residents; 

IRB  =  Number  of  full  -  time  -  equivalent  interns  and  residents  divided  by  the  daily  average 
number  of  available  beds; 
OCC  =  Hospital' s  occupancy  rate; 

DSH%  =  Sum  of  percent  of  patient  days  attributable  to  Medicaid  and  percent  of  Medicare  days 
attributable  to  SSI  recipients. 

This  basic  model  is  expanded  to  test  the  robustness  of  the  empirical  relationship  between  average 
inpatient  cost  per  discharge  and  three  of  the  explanatory  variables  in  the  basic  model-location, 
the  portion  of  workload  attributable  to  low-income  patients,  and  the  degree  of  teaching  activity. 
One  expansion  of  the  model'4  is  the  addition  of  regional  dummy  variables,  which  control  for 
structural  differences  in  average  cost  across  Census  regions  which  might,  in  the  absence  of  such 


"This  modification  is  suggested  by  K.E.  Thorpe,  "The  Use  of  Regression  Analysis  to  Determine 
Hospital  Payment:  The  Case  of  Medicare's  Indirect  Teaching  Adjustment,"  op.  cit. 


variables,  be  picked  up  in  the  estimated  coefficients  of  dummy  variables  for  urban  locat.on  or  of 
teaching  intensity  and/or  disproportionate  share  percentage.  The  logarithm  of  hospital  bedsize  is 
also  added  for  the  same  reason.  As  the  results  reported  below  indicate,  disproportionate  share 
shows  a  weak  relationship  to  average  inpatient  cost  per  discharge.  To  test  for  the  possibility  of  a 
stronger  relationship  for  certain  types  of  hospitals  (urban  vs.  rural;  large,  medium  or  small,  in 
terms  of  bedsize)  and  to  mirror  the  very  detailed  differentiations  of  hospitals  that  Congress 
utilized  in  previous  payment  adjustments  for  disproportionate  share,  we  expand  the  basic  model  to 
include  an  extensive  set  of  dummy  variables  pertaining  to  combinations  of  location,  size  and  low- 
income-patient  percentage.  Finally,  the  structure  of  the  relationship  between  average  cost  and 
teaching  activity  is  investigated,  as  has  been  the  practice  in  a  number  of  previous  studies,  by 
replacing  the  single  measure  of  teaching  in  the  basic  model  by  a  set  of  dummy  variables  which 
show  the  average  difference  in  unit  cost  between  nonteaching  hospitals  and  those  which  fall  into 
various  deciles  with  respect  to  the  number  of  interns  and  residents  per  occupied  bed  (deciles 
defined  on  only  those  observations  with  non-zero  counts  of  FTE  interns  and  residents).  A 
complete  listing  of  the  variables  used  in  various  regressions  and  their  means  for  our  research 
sample  are  presented  in  Table  V-l. 

For  most  of  the  statistical  results  presented  below,  generalized  least  squares  (GLS)  has 
been  used  to  correct  for  heteroscedasticity,  the  phenomenon  of  the  expected  error  in  a  regression 
equation  having  a  variance  which  differs  systematically  from  one  set  of  observations  to  another. 
There  are  at  least  two  potential  sources  of  such  systematic  differences  for  which  we  have 
attempted  to  make  corrections.  First,  considerable  differences  in  the  scale  of  individual  hospitals 
may  give  rise  to  systematic  disparities  in  the  random-error  component  of  our  model  for  average 
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or 
casemix 


co.  We  accoum  for  this  posslbll,tv  by  ^  ,  ^  _  _  ^  ^ 

Pa-  ?roup  ,„  which  .  parI,cular  equat,on  appijes  (ai]  pa[iems   Med_  ^ 
NonMed,care  „.    Secon,  ^  w  es(ima|ed  vates 

— i  -  -9  Siaies  f„,  whfch  we  have  deta|M  djscharge  dffla  measuremeM  _  " 

~  Vanab'e        ^  -  — „  «  error  term  for  (hose 

measures  of  casemix  are  available.   We  deal  iviih  .hi. 

we  deal  w„h  th,s  second  source  of  heteroscedasticity  by 

*—  (,a,es  ™,ue  0.0,  of  duecily  measured  bosp.ia,  casern,  ,„  the  specmcaiiou  of.be  s,de 
*  error  var,a,e.  a,o,  with  imeracOous  of  ,ba,  dummy  variable  with  number  of 
discharges  and  squared  number  of  discharges.15 

The  two  graphs  below  displays  the  nattern  nf  p„n 

P  ys      pattern  of  error  variance  estimated  by  the  application 

of  GLS  to  the  basic  model  for  Medicare  and  NonMedicare  patients: 


heteroscedastic  errors  in  the  basic  mode  JZTrZ^Zr  *  ^  indicates  the  Presence  of 

number  of  discharges,  the  square  of  the  number ^3f  diS,^    "7"  "  ^  ^  ^  indlCates  that 
direct  measure  of  hospital  casemix.  and  nTrac  tion of  Zf  T  *  T**  fW  Presence/a^ce  of  a 

all  statistically  related  to  error  vanance  £^*^™y^  ^  the  diSch^  variables  are 
estimates  of  the  parameters  of  the  basic  re^e So  ecu  t  on  f "         ^  "        *  ^  J°'m  GLS 
parameters  of  the  "s.de  equation"  relatm^n  vl  C°St  p6r  dlScharSe  ™d  the 

direct  measure  of  casem.x  "  ™  <°  C°UntS  of  discharges  and  presence/absence  of  a 
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-  «*  ma„y  patients,  provide  .  more  re,iable  and  therefore      otot  prone  ^  ^ 

expecton  is  supponed  for  the  ^  fc  fe  ^  ^  ^  ^  ^ 

ofpayn.cn,  adJustme„ts  nave  used  0LS  (,e„  n0  ^  for  ^  ^ 
^ve  we,ghted  „bse™,ions  by  nuraber  of  d,scharges  ^  ^  ^ 
with  the  largest  error  variance).  Based  on  the  clear 


graphs  below,  the  estimators  used  ,n  earlier  studies 


pattern  of  heteroscedasticity  shown  in  the 


less  accurate  for  large  samples  than  GLS  (i.e., 


may  be  unbiased  and  consistent,  but  they 


are 


are  not  asymptotically  efficient),  and  they  will 
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hypotheses  which,  with  accurate  eranHar^ 

accurate  standard  errors,  would  not  be  rejected).16 

—  -  Were  ab,e  t0  obtain  mi  discharge  ^  ^  ^  ^  Mcha]iengeabie  ^  ^ 

central  and  mountain  census  region*  Th» 

regtons.  The  non-proportiona.  represent*™  of  various  reg.ons  may 

ra.se  doubt  about  the  generafeability  of  data  from  the  1 9  States  TV  , 

Mates'  Thls  ^sue  of  generafeability  is 

addressed  by  starttng  with  thc  slandard  mode,  rf  ^  ^  ^ 

'  uVX^s-rrd-= 

incorporated  into  PPS?  '^P"ais,   tor  the   adjustments  previously 

iu  me  type  ot  estimation  techniques  employed? 

^proportionate  share  adjustment  only" hotm 1  wi  ^  '°  "  IhreSh°'d  2 
low-,„come  patients  above  a  specifieJnimum)?  Percentages  to  services  ,„ 


"See  Jan  Kmenta.  Elements cfEcono^cs,  New  york:  ^  ,9g6  pp 
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D.       Results  for  Basic  Regression  Model 

Ordinary  least  squares  (OLS)  estimates  of  the  parameters  in  the  basic  model  are  presented 
in  Table  V-2  for  each  of  three  groups  of  patients-all  patients.  Medicare  patients  and  non- 
Medicare  patients.  We  begin  with  results  based  on  OLS  because  that  is  the  estimation  technique 
used  most  frequently  in  earlier  studies  of  PPS  payment  adjustment  parameters.  The  results  in 
Table  V-2  are  therefore  directly  comparable  to  those  presented  above  from  Pettengill/Vertrees 
and  Cotterill  et  al.  Subsequently,  we  will  compare  the  estimates  in  Table  V-2  to  those  obtained 
from  GLS  estimators. 

Because  the  dependent  variables  are  logarithms  of  average  inpatient  cost  per  discharge  for 
the  particular  patient  group,  parameter  estimates  indicate  the  implied  percentage  change  in  unit 
cost  which  would  result  from  a  one  unit  change  in  the  parameter's  co-term.  In  the  case  of  the 
casemix  index  and  the  regional  wage  index,  the  double-logarithmic  specification  makes  the 
parameter  estimate  an  elasticity.  For  the  two  location-related  dummy  variables,  the  parameter 
estimates  indicate  the  implied  percentage  differences  in  cost  (1)  between  hospitals  located  in  rural 
and  not-large  urban  areas,  and  (2)  between  hospitals  in  large  and  in  not-large  urban  areas. 
Depending  on  the  baseline  values  of  teaching  intensity  and  disproportionate  share  percentage  used 
for  comparison,  the  estimated  coefficients  of  the  teaching  and  patient-mix  variables  are  1 .0  to  2.0 
times  the  implied  elasticity  between  unit  cost  and  interns  and  residents  per  occupied  bed  and  the 
share  of  patient  days  attributable  to  low-income  patients.17 


I7A11  but  a  few  teaching  hospitals  operate  with  a  ratio  of  FTE  interns  and  residents  to  occupied 
beds  in  the  range  from  0.01  to  1. 
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When  one  compares  the  Medicare-related  resu Ik  in  fh.    am  , 

c  reiatea  results  in  the  middle  column  of  Table  V-2  to 

■hose  of  l**^  and  Cotten,  „  „,  some  lmponan,  ^ 
evtden,.  The  predictive  power  of  the  equation  we  fi,  ,„  1991  dala  „  modera,e|y  ^  (r! 
versus  0.72  in  ,he  earlier  s.udies,,  perhaps  due  ,o  ,he  incision  of  cos.s  related  to  captta,  and  the 
■ndirec,  effects  of  medica,  education  in  onr  dependen,  variable."  The  coefficien,  of  ,he  casemix 
I—  ,s  m  approximated  equa,  ,o  L0,  a  ma.ter  g.ven  constderabie  attention  in  the  earlier 
-earch  as  a  key  ,o  the  creditabdity  of  ,he  statistical  rcsu|t,  0„  ^  ^  ^  ^ 
s.gnifican,  es,ima,e  of  ,he  effect  of  teach,„g  intensity  „  ,ess  ^  fc 

teaching  activity  (FTEs  per  occupied  bed,  with  the  same  measure  used  in  the  early  work  (PTEs 
divded  by  ,„ta,  beds,,  our  estimated  regresston  coefficient  rises  sharply.  For  large  urban  areas 
estimated  cos,  differences  relanve  to  rura,  areas  are  unchanged  from  those  in  the  early  research 
but  we  estimate  much  iarger  differences  (relative  to  nara,  areas,  for  smai,  and  mid-stze  cttes  than 
d,d  the  earher  studies.  ,„  fact,  we  find  „o  materia,  deferences  between  unit  costs  among  urban 
areas  for  Medicare-in  sharp  contrast  to  recent  phasing  ou,  of  a„  bu,  the  rura,,o,arge-urban 
payment  differentia,  in  PPS.  Our  estimate  for  the  coefficien,  of  the  regiona,  wage  mdex  is  about 
60  percen,  of  ,ha,  reponed  m  ,he  ear,y  studies-implying  a  much  iower  elastic,,,  of  unit  cos,  ,o 
regiona,  wage  deferences  ,ha„  was  ,he  apparen,  case  ,en  or  ,we,ve  years  earlier.  Whereas  the 


vanable  used  ,„  earl.er  Ld.es  ,s      ""„f     ^ ^ °f  ^ 
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related  portion  of  hospital  cost  was  an  under  adjustment,  our  results  suggests  that  it  is  an  over 
adjustment. 

A  comparison  of  the  entries  in  the  middle  and  last  columns  of  Table  V-2  indicate  the 
degree  of  heterogeneity  in  the  results  for  Medicare  and  non-Medicare  patients.  The  much  lower 
coefficient  of  the  casemix  variable  for  non-Medicare  patients  is  very  important.  Suppose  that  the 
national  "standard  amount"  established  for  a  PPS-type  payment  system  is  set  to  equal  the  costs 
incurred  for  an  average  discharge  at  hospitals  with  casemix  index  values  of  1 .  Our  estimated 
elasticity  of  cost  with  respect  to  casemix  for  non-Medicare  patients  of  0.604  implies  that  such  a 
system  would  pay  hospitals  with  complex  cases  substantially  more  than  the  costs  they  incur  and 
pay  hospitals  with  uncomplicated  cases  substantially  less  than  their  costs.  As  Table  V-3  indicates, 
an  estimated  elasticity  of  0.6  implies  that  the  one  percent  of  hospitals  with  the  largest  casemix 
values  would  receive  payments  28  percent  above  their  average  cost  per  discharge  for  non- 
Medicare  patients,  while  the  one  percent  of  hospitals  at  the  opposite  end  of  the  spectrum  would 
be  underpaid  by  30  percent.  More  than  thirty  percent  of  hospitals  would  experience  payment 
"errors"  of  more  than  10  percent,  relative  to  the  costs  they  incur.  We  display  in  Table  V-3  the 
percentage  discrepancies  between  payments  and  costs  for  a  range  of  elasticities  of  cost  with 
respect  to  casemix.  The  data  may  be  useful  to  the  reader  as  we  discuss  other  estimates  of  the 
casemix  coefficient  in  various  tables  below,  some  of  which  are  less  than  1  and  others  of  which  are 
greater  than  1. 

One  is  tempted  to  suspect  that  our  use  of  charges  (unadjusted  for  hospitals'  cost/charge 
ratios)  to  derive  relative  weights  is  a  cause  of  the  low  estimate  of  the  coefficient  of  casemix  in  the 
non-Medicare  equation.  This  hypothesis  is  implied,  for  example,  by  Cotterill  et  al.  's  contention 
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that  approximate  proportionality  between  cost  per  discharge  and  casemix  is  evidence  that 
cost/charge  ratio  differences  among  hospitals  do  not  need  to  be  taken  into  account  in  calculating 
relative  weights  for  a  PPS-type  payment  system.19  Our  use  of  charge-based  relative  weights  may 
contribute  to  the  low  estimated  elasticity  of  cost  per  discharge  with  respect  to  casemix,  but  the 
more  sign.ficance  given  to  this  explanation  the  more  difficulty  one  has  in  explaining  why  the  same 
anomalies  in  our  charge  data  do  not  produce  the  same  result  for  Medicare  patients.  We  will 
return  to  the  issue  of  the  estimated  casemix  elasticity  in  our  discusS1on  of  other  statistical  results 
below. 

Before  we  turn  away  from  Table  V-2,  we  should  note  the  other  similarities  and  differences 
between  the  estimates  for  Medicare  and  non-Medicare  patients.  The  implied  elasticities  of  unit 
cost  with  respect  to  regional  wage  differences  is  about  the  same  for  the  two  patient  groups. 
However,  the  indicated  within-region  payment  add-on  for  urban  hospitals  is  twice  as  large  for 
Medicare  ( 1 1  percent)  as  for  non-Medicare  (5  percent);  for  neither  patient  group  is  an  additional 
add-on  for  larger  urban  areas  supported  by  Table  V-2.  The  implied  adjustment  for  teaching 
intensity  is  almost  twice  as  large  for  non-Medicare  payments  as  for  Medicare.  For  neither  group 
is  a  heavy  utilization  by  low-income  patients  associated  with  higher  average  costs,  and  for 
Medicare  a  statistically  significant  negative  relationship  is  reported. 


The  authors  argue  that  the  chief  reason  for  incorporating  a  cost/charge-ratio  adjustment  in  the 
data  used  to  calculate  relative  weights  for  DRGs  and  casemix  indices  for  hospitals  is  "to  compensate  for 
possible  distortions  between  costs  and  charges  that ....  might  be  expected  to  make  charge-based  weights 
more  compressed  than  ...  operating  cost  weights  ....  [and  make]  charges  for  high  (low)  weight  DRGs 
underestimate  (overestimate)  true  resource  costs  relative  to  the  operating  cost  weights."  If  average  cost  per 
discharge  vanes  among  hospitals  in  proportion  to  a  CMI  computed  from  operating  cost  weights  as 
Pettengill  and  Vertrees'  empirical  results  had  indicated,  distortions  between  costs  and  charges  of  the  sort 
hypothesized  by  Cottenll  et  al.  would  produce  an  estimated  elasticity  of  cost  per  discharge  with  respect  to  a 
charge-based  CMI  that  is  below  1.0  by  a  material  and  statistically  significant  difference 
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E.      Similarities  and  Differences  Between  Ali-State  and  19-State  Results 

Table  V-4  offers  a  comparison  of  three  sets  of  regression  results  for  each  patien,  2roup.  all 
patients.  Medtcare  and  „o„-Med,care.  Each  of  the  three  panels  ,„  the  table  shows  results  for  a 

applying  OLS  to  data  covering  al,  States  and  DC;  the  figures  are  repeated  from  Table  V-2  to 
allow  for  convenient  comparisons.  The  second  column  shows  GLS  est.mates  derived  from  the 
same  dataset.  Analogous  GLS  results  drawn  from  the  19-S,a,e  "sample"  are  shown  in  the  las, 
column  of  each  pane,.  Differences  between  figures  in  the  second  column  and  those  in  the  las, 
column  may  he  due  ,o  differences  m  geography  and  ,o  the  fae,  that  the  underlying  measures  of 
casem.x  are  direc,  measures  for  a„  observa.ions  for  column  three  but  are  estimated  values  for 
three  fifths  of  the  observations  for  column  two. 

If  we  star,  by  examining  the  results  for  Medicare  patients,  in  the  middle  panel  of  Table  V- 
4.  we  find  a  high  degree  of  congruence  among  the  alternative  estimates.  U„e-by,i„e  compares 
across  the  three  columns  indicate  no  matena,  dtfferences  ,„  the  elasticities  of  average  inpatient 
cos,  perd,scharge  with  respect  .ocasemix,  reg.ona,  wage  dtfferent.als,  rurahWban  tenon  and 
■caching  inte„sity.  Only  for  cs.ima.es  of  the  effects  of  disproportionate  share  percentage  on 
average  cost  is  an  important  drfference  found  between  the  nationwide  est.mates  and  the  ,9.S,a,e 
estimates.  For  non-Medicare  pa.iems.  differences  in  resuhs  across  the  columns  of  Table  V-4 
much  more  pronounced.  The  est.mated  elasticity  of  unit  cos,  with  respect  to  casemix  is  abou, 
,hird  higher  for  ,he  ,9-States  resuhs  ,han  the  a,l-S,a,es  estimates.  Furthermore,  materia, 
differences  in  cost  elasticity  ,o  reg.onal  wage  differences,  urban/rural  loea.ion  and 
^proportionate  share  percentage  are  also  eviden,.  Only  ,he  estimated  effect  of  teaching  activity 


are 


one 


is  invariant  across  columns. 
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A  Digression  on  Methodology 

The  pattern  of  results  in  Table  V-4  has  potentially  very  important  implications  for  our 
abihty  ,„  use  the  results  of  this  study  to  design  a  payment  system  for  non-Medicare  patients  wh.cb 
would  be  valid  beyond  the  >9  States  from  which  we  have  direct  measures  of  hospital  casern,, 
For  Medtcare  patients  we  find  no  important  deferences  in  statistical  results  when  we  move  from 
■  9-Sta,.  data  to  national  data,  and  for  Med.care  our  measures  of  casemix  are  essentially  idennca, 
in  all  States.  For  non-Medicare  patients,  however,  the  two  sets  of  data  yield  quite  different 
esnmates  of  important  parameters,  and  one  is  very  tempted,  given  the  strong  congruence  in  the 
results  for  Medicare  patients,  to  attribute  the  differences  for  non-Medicare  patients  to  the 
differences  in  underlying  measures  of  casemix^irec,  measures  in  the  data  for  .9  States  and 
estimated  values  in  the  data  for  the  3 1  other  States  and  DC 

Measurement  error  in  an  explanatory  vanable  is  a  problem  for  which  the  econometrics 
literature  has  relatively  little  help  to  offer.  In  our  case,  the  problem  arises  because  we  have 
replaced  missing  data  on  casemix  for  3!  States  and  DC  with  estimates  obtained  from  a  first-stage 
regression  on  data  from  19  States.  For  approximately  3000  hospitals,  most  located  in  centra!  or 
mountam  States,  our  casem.x  estimate  may  be  correlated  with  the  error  term  of  our  second-stage 
regresston  equat.on.  explaining  vanations  in  cos,  per  dtscharge  in  terms  of  inter-hospital 
differences  in  casemix.  the  regional  wage  index  and  the  other  variables  in  our  basic  model.  For 
those  3000  or  so  observation,  the  error  term  in  the  second-stage  regression  equation  becomes  a 
combination  of  the  random  component  in  cos.  per  discharge  and  the  slope  coefficient  for  casemix 
multiplied  by  the  errors  in  our  estimate  of  casemix  for  those  hospitals.  Least  squares  applied  to 
the  second-stage  (average  cos.)  equation  will  yield  biased  and  inconsistent  estimators  of  no.  only 
.he  coefficient  of  casemix  but  of  all  other  coeffictents  as  well.  The  degree  of  bias  and 
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— cy  may  *  smail  however.  and  consjderable  gams  ^  estimator  ^  ^ 

obtatned  by  using  es,,maICS  for  missjng  ^  ^  ^  ^  ^  ^  ^  ^ 

3000  observa.ions  on  the  relationsnip  bellreen  cos,  ^  ^  ^  ^  ^  ^ 
variables. :o 

One  approach  we  might  have  taken  would  have  been  ^  ^  ^  ^  rf< 
variable  (mo,,  ,ike|y  the  caseraix  mdex  for  Medicare  ^  ^  ^  ^  ^  ^ 

replacement  for  missing  measures  of  casem.x  for  non-Medicare  pnrien.s.  We  can  thmk  of  these 
proxy  va.ues  as  be.ng  general  by  starring  with  Tue  casemix  values  and  from  each  one 
subtracting  a  random  number(error,.  In  ,hose  instances  ,„  which  the  random  subtraction  is  iarge 
•be  proxy  value  win  be  ,ow,  and  v,ce  versa.  Tbe  resulting  corre.abon  between  me  measuremen, 
errors  and  Che  proxy  va.ues  is  rbe  source  of.be  bias  and  inconsistency  referred  ,o  above.  The 
bisher  me  correia.ion.  the  grearer  the  degree  of  btas  and  inconsistency.  The  deferences  between 
■he  patterns  of  Med.care  and  non-Med,care  resnits  in  Tabie  V-4  are  very  much  wha(  m  ^ 
expect  to  find  as  the  result  of  mermen,  error-a  bias  toward  zero  for  the  coefficient  of  the 
casemix  vanable  ,n  the  non-Med,care  eouation,  shifts  in  various  directtons  for  other  coefficents  in 
the  same  equation,  and  a  reduction  in  explanatory  power. 


New  York^w^T  p^'st^t  *T  ^  *»"*  *— 

regresston  are  correctly  cho  en  o[S  »DS„  ,  /      7  "  "*  '^"^  Vanables  in  "-t-stage 
estimators.  Jan  Kmema  (op  a,  »  3881  lh<        f       T  '^"^  Wi"  Provide  C°"S'SI™ 
values  for  m,ss,„g  variab',    i wide ™ 2£Z^EZ  *  """^  eqUa"°n  '°  f°reCaS' 
of  theoretical  basts  for  the  auxilia^  ^     "        mTT^I  °"  ^""^ 

consistency  is  likely  to  be  outweighed bv  aeainT^r         ,  acknowledge  that  any  loss  in 

contained  in  the  incomplete  obserfatnLb™  ,  ,h  eff'CTC>;.from  '"corporation  of  the  information 
other,  non-mtssmg  7^LTl7X^Ru^T      ?    T"  ™able  ^  ** 

h— asu^bW 
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te7on-Medicare" ----- s -^-^^ 

-  "  -  -  -  „f  a  leas,-squares  estjmator  ,o  compuK  ^  parame(ers  of  ^ 
eS"t8  lhOSC  P— —  —  *  -  —  — -  (measurement 

replacements  will  produce  little  or  no  bias  due  to  m. 

btas  due  to  measurement  error.  Loss  of  predicttve  power 

I''  rn         ^  ™  -  *~  -  -  -  ™sis,e„cy  ,s  re,a,,Ve,y 

l0^----of-"-c0.ffieiraBwiIlbetogerthmwouldbethecases 

our  datase,  complete.  Hence,  statistical  tests  will  be  biased  ,„„  h 

w.  .  .        ,  aSCd  t0ward  not  reJe«i"«  null  hypotheses 

OLS  to  be  an  inefficient  estimator  relattve  to  generalized  leas,  scares 

-~h,hwecanru,eou,our,ackof  nationwide  measures  of  nou-Medtcare 
^~ilityofthes^caJ  ^^^^^^ 

-anetyofotherofitscharacteristtcsandthoseoftheareamwh.chttis.ocated.Totestthe 
~  of  the  degree  of  ge„era,i2ab„i,y  of  the  aneiha.  eqUa,,o„,  we  constructed  some 
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hypothetical  datasets  with  properties  similar  to  those  of  the  set  of  data  used  in  this  study  (e.g..  60 
percent  of  the  data  missing  for  the  hypothetical  casemix  variable,  moderate  multicollinearity 
among  all  of  the  explanatory  variables,  and.  for  the  structure  of  underlying  errors  in  our  model  for 
forecasting  of  missing  values,  some  moderate  differences  between  the  observations  used  to  fit  the 
model  and  the  observations  for  which  the  model  is  used  to  replace  missing  values).  We  used  the 
data  to  estimate  a  relationship  similar  to  the  one  represented  in  Tables  V-2  and  V-4.  We  found 
the  estimated  coefficient  of  the  synthesized  casemix  variable  (40  percent  actual  data  and  60 
percent  estimated  by  an  ancillary  regression  equation)  to  be  relatively  insensitive  to  the  degree  to 
which  the  ancillary  equation  was  accurate  for  cases  with  missing  data.  Even  with  correlations 
between  estimated  casemix  and  the  error  in  the  estimates  of  0.25  (a  fairly  significant  departure 
from  a  truly  generalizable  ancillary  equation),  the  estimated  coefficient  of  the  casemix  variable 
from  the  full  dataset  is  between  0.95  and  1.00.  These  Monte  Carlo  experiments  do  not  provide 
definitive  results  because  they  do  not  incorporate  all  of  the  possible  problems  in  real  data. 
However,  they  do  reinforce  our  interpretation  of  the  available  literature  on  the  topic  of  using 
statistical  estimates  to  replace  missing  data,  that  relatively  little  measurement-error-related  bias 
results  from  this  procedure.  We  are  confident,  therefore,  that  the  pattern  of  estimates  in  Table  V- 
4  for  non-Medicare  patients  is  not  primarily  the  result  of  bias  due  to  our  having  casemix  data  for 
only  a  geographically  non-representative  subset  of  States. 
Regional  Differences 

A  possible  alternative  explanation  for  the  pattern  of  results  in  Table  V-4  is  that  factors 
correlated  with  geographic  location  may  be  important  omitted  variables  in  the  non-Medicare 
equation.  Table  V-5  below  provides  evidence  of  the  considerable  importance  of  how  geographic 
location  is  or  is  not  taken  into  account  in  a  payment  adjustment  model.  All  of  the  results  are 
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drawn  from  the  ali-State  da,a:  o„,y  resul.s  for  Medicare  and  non-Medicare  patie„,groups  are 
presen.ed.  The  firs,  two  columns  simp.y  reproduce  ,he  estima.es  from  the  middle  column  Table 
V-4.  (all  States:  GLS)  for  ease  of  comparison.  The  last  four  columns  mdicate  whether  and  t0 
what  degree  the  est.mated  coefficients  of  the  variables  in  the  bas.c  model  change  when  the 
logarithm  of  hospital  bedsize  and  dummy  variables  for  Census  regions  are  added  to  the  regress.on 
equation.  The  changes  are  quite  remarkable  The  elasticity  of  urn,  cos,  with  respect  to  casemix 
drops  from  1 .0  to  0.9  for  Medicare  patients  when  the  bedsize  variable  is  added,  and  the 
corresponding  elasticity  with  resect  to  the  regiona.  wage  index  jumps  by  1 5  (Medicare,  ,„  4 1 
percent  (non-Medtcare,  when  regiona,  dummy  variables  are  added.  The  implied  difference  in  cos, 
between  urban  and  rura.  hospitais  drops  for  both  patien,  groups,  bu,  the  decline  is  sharpest  for 
Medicare.  The  implied  adjus.men,  for  reaching  i„,e„s„y  is  largely  unaffected  for  Medicare  by  the 
changes  in  model  specification,  but  rises  by  one  third  for  non-Medtcare.  This  latter  result  is  quite 
contrary  to  the  conclusions  reached  by  Thorpe,  that  the  addition  of  variables  accounting  for 
geographic  factors  materially  reduces  the  estimated  teaching  adjustment.11 

To  explore  further  the  possible  sensuivuy  of  parameter  estimates  to  geographtc-related 
factors,  we  expanded  the  basic  model  ,o  include  no,  only  regtonal  dummy  variables  wh.ch  allow 
for  a  shift  in  imercep,  (as  in  Table  V-5)  bu,  also  as  interactions  with  the  casemix  variable, 
allowing  f„r  regional  differences  in  the  elasticity  of  cos.  per  discharge  with  respect  to  casemix. 
The  results  are  shown  in  Table  V-6.  Two  characteristics  of  these  .after  resul.s  are  particularly 
noteworthy.  First,  the  coefficients  of  the  non-casemix  vartables  in  the  equation  are  virtually 
unchanged  from  the  estimates  in  the  las,  two  columns  of  Table  V-5  when  the  elasticity  of  cos, 


:'lbid.,  p.  226. 


V-23 


with  respect  to  casemix  is  allowed  to  vary  bv  re.inn  I, 

*y  by  region.  It  appears  that,  in  the  simplest  version  of 

<ne  payment  adjustment  mode.  (Tab,es  V-2  and  V-4,  the  coefficients  of  the  „o,casemi> 
vanables  picx  up  the  effects  of  no,  only  regional  .age  differences,  urban  ,oca„on.  teaching 

correlated  with  ,he  hospita,,  regional  ,oca,,o.  This  is  our  interpretation  of  the  large  changes  in 
.hecoeffic,e„,sofmos,of,he„„,casemixvanablesbetweenthefirstwoand|asttwoco|umns 

variables  which  a,,ow  for  regional  differences  in  the  average  level  of  cos,  per  discharge.  As  Table 
V-6  indica.es,  funher  regional  differentiation-ahowing  ,he  effects  of  casemix  on  cos,  ,o  va^  by 
region-has  no  further  effec,  on  ,he  es,ima,ed  coefficen,  of  ,„e  non-casemix  variables. 

««  coefficient  of  casemix.  The  coefficien,  of  casemix  varies  from  a  ,ow  of  0,6  ,o  a  high  of  ,  .32 

for  Medicare  patients  and  from  0.41  to  0  96  for  nnn 

u.yb  tor  non-Med.care  patients,  a  wide  range  for  both 

.oups  bu,  certainly  wides,  for  non-Medicare.  The  absence  of  a  common  padenr  ,„  ,„e  regional 
deferences  ,s  also  no.able.  U  regional  differences  in  cos.charge  ratios  was  a  major  cause  of 
casemix  efficients  having  values  much  different  than  ,.  we  would  exp.c,  ,he  regions  wi,„  ,he 

correlahon  be.ween  the  two  sets  of  coefficients  is  positive  bu,  wea,  The  range  of  vaiues  above 

effec  as  does  ,he  use  of  a  single  nafiona,  s.andard  amounting  some  hospi.ais  ,„,o  winners 
and  o-hers  ,„,o  losers.  The  coefficient  in  Table  V-6  sugges,  ,hat  h  ,»..  hosphals  w,,h  complex 
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Has,  North  Cemra,  were  pa,d  5  ,o  ,0  percen,  more  than  the  cos.s  ,hey  incurred  under  Medicare 
(see  Tabic  V-3,.  The  hospi.als  .  the  opposltc  end  ^  ^  ^  ^  ^ 
eight  regions  were  paid  less  than  cost. 

F.      Structural  Reasons  for  N„„.Proportional  Relationships  BetWM„  ^  ^ 

When  ,he  coefficien,  of  cascm,x  in  ,he  paymen,  adjustment  equation  is  matenahy  different 
from  I,  we  have  evidence  tha,  variations  in  casem.x  are  no,  matched  by  proportional  variations  ,„ 
average  cost  per  discharge.  Now  that  we  have  estahiished  the  existence  of  non-proportiona, 
reianonships  a,  both  the  national  and  regiona,  ievei  for  non-Medicare  patients  and  within  eight  of 
■en  Census  regtons  for  Medicare,  some  further  discussion  of  possible  reasons  for  non- 
proportionahty  w,l,  be  helpful.  Eariier  research  on  cos.-ha.ed  versus  charged-hased  relative 
weights  and  casemix  indices  may  create  the  mtstaken  impression  that  the  only  reason,  or  tha,  the 
pnmary  reason,  for  non-proportionali.y  is  differences  in  the  relative  "compression"  of  average 
charges  and  average  costs  among  DRGs.  Simiiarly,  we  discussed  a  concern  eariier  in  this  paper 
tha,  non.uni.ary  coefficients  might  b.  due  to  another  type  of  data  problem,  measurement  error  in 
our  replacements  for  uuss.ng  casemix  index  vaiues  for  3 ,00  hospt.als.  Wha,  we  intend  to 
demonstrate  in  this  section  is  that  there  are  plausible  statural  reasons  for  „on-propon,ona, 
relationships  be.ween  average  cos,  per  discharge  and  a  casemix  index  constructed  by  the 
procedures  incorporated  into  PPS. 

The  five  displays  on  the  following  pages  illus,ra,e  si,ua.io„s  in  which  .he  rela.ionship 
between  cos,  per  discharge  and  casemix  will  and  will  no,  be  a  proportional,  or  unitarily  e.asuc. 
relationship.  Each  of  the  displays  is  based  on  a  simple  two-hospital,  ,wo-DRO  world.  One 
hospital,  named  Basic  in  our  illustrations,  cares  for  only  those  patients  with  the  less  complex  of 
the  two  medical  problems  (we  have  used  Angina  to  represent  the  less  complex  DRG).  The 
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second  hospital,  referred  to  as  MedCent,  cares  for  patients  in  both  the  simple  (Angina)  and 
complex  (Bypass)  DRGs  and  serves  more  patients  than  does  Basic.  At  the  core  of  each  of  the 
displays  are  a  distribution  of  patients  among  hospitals  and  DRGs  (panel  1  in  each  display)  and  a 
hypothesized  set  of  average  costs  for  each  DRG  within  each  hospital  (panel  2  in  each  display). 
All  of  the  other  data  on  each  page  reflect  the  implications  of  the  hypothesized  distributions  of 
patients  and  average  costs: 

•  Relative  weights  for  each  DRG  appear  in  panel  2,  calculated  as  the  all-hospital 
average  cost  per  case  for  the  DRG  divided  by  the  grand  average  cost  per  case. 

•  The  casemix  index  for  each  hospital  also  appears  in  panel  2,  calculated  as  a  hospital- 
specific  weighted  average  of  relative  weights,  where  the  contribution  of  a  DRG  to  the 
hospital's  casemix  index  is  the  proportion  of  the  hospital's  cases  in  that  DRG  multiplied 
by  the  DRG  s  relative  weight. 

•  Total  cost,  the  product  of  number  of  discharges  (panel  1)  and  average  cost  per 
discharge  (panel  2),  appears  in  panel  3  in  each  display. 

•  The  national  standard  payment  amount  is  shown  in  the  lower  right  hand  corner  of 
panel  4  in  each  display.  It  is  calculated  by  dividing  the  all-DRG  average  cost  per 
discharge  for  each  hospital  by  the  respective  hospital's  casemix  index  and  then 
computing  a  weighted  average  of  these  casemix-adjusted  average  costs  across  all 
hospitals.  Each  hospital's  share  of  total  discharges  is  used  as  a  weighting  factor.  In 
some  of  the  displays,  the  national  standard  payment  amount  is  equal  to  the  grand 
average  cost  per  discharge,  and  in  other  instances  the  two  figures  are  different. 

•  Payment  per  case  for  each  DRG,  based  on  the  PPS  methodology,  appears  in  panel  4. 
It  is  computed  as  the  product  of  the  national  standard  payment  amount  and  the  relative 
weight  for  the  DRG. 


•  Total  revenue  is  the  sum  of  total  payments  to  the  hospital  within  each  DRG,  and  the 
amount  paid  for  a  given  DRG  is  the  product  of  the  number  of  discharges  and  the 
payment  rate  for  the  DRG.  Total  revenue  appears  in  panel  six  of  each  display. 

•  Profit  per  discharge  is  shown  in  panel  7  and  is  the  difference  between  the  payment 
rate  for  the  DRG  and  average  cost  per  discharge  for  the  DRG  in  a  given  hospital. 

•  Total  profit,  in  panel  8  is  total  revenue  minus  total  cost. 
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we  convert  tne  hypped  _  „  ,„y  _  ^  ^  ^  ^ 

cost  per  discharge  across  hospilals  into  a  measure  of  "excess"  ™  ,■ 

sureot  excess  cost  per  discharge.  Where  there 

are  no  intra-DRG  cos,  differences  hypothesized  (in  Displays  1  and  2,  the 

p  dys  1  and  2)>  ^ere  are  no  instances  of 

»  a  positive  figure  in  pane,  5.  ,f  an  _  „  ^  ^  ^  ^  ^ 

-*  regiona,  difference  ,„  exogenous,  determtned  input  prices,  or  ^  ^  ^ 

«  'S  «M  *  3  — -  «*  the  appropriateness  of  dilutions  of  profit  and  ,„ss 

properly,  "profit"  per  discharge  shou]d  ^ 

4       excess  cost  Per  discharge  in  magnitude 
dtscharge  for  an  "appropriate"  reason,  however,  no  profit  or  ,oss  should  ensue." 

vanahie.  We  are  primarily  interested  in  How  Cose  or  distant  ,he  estimated  coeffieien,  of  the 


emcien,  ;:e  £?:  sees     ssr?    - «  - 

economically  justified  production  costs  and  Mum °„ !  equity   '"US,ra"°nS  10  ™<™'  amounts  in  excess  of 
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casemix  variable  is  from  1  the  value  rhe  n~>rr,  ■ 

I.     value  ,he  coefficem  must  have  for  ,he  relafionship  be.ween  eos, 

per  discharge  and  casemix  to  be  proportional. 

Toe  firs,  ,wo  d,sp,ays  ihustrate  cncums.ances  ,n  wh.ch  there  are  no  factors  causmg  ,n,ra- 
ORG  d.fferences  ,„  average  eos,  per  discharge  among  hospitais.  ,n  the  fins,  d,sp,a,  patients  in 
*  ORG  common  to  both  hospnals  are  eq„aliy  distributed.    ,„  ,he  second  display  a  ,arge 

-anees.  the  rela.ionsh.p  between  cos,  per  discharge  and  casern,*  is  proposal,  as  re„ec,ed  in 
a  regresston  equa„o„  coefficien,  of  exactly  ,.  Thcre  are  no  instances  of  excess  cos,  and  in  all 
DRGmospha,  cells,  payment  rates  equa,  average  cos,  per  discharge.  No  profi,  or  loss  occurs 

Display  3  „,us,ra,es  the  case  of  factors  a,  wo*  which  produce  "tnapproprtate"  mtra-DRG 

*e  old  average  costs,  from  Display  2,  as  our  hypothesized  standard  for  the  -efficient"  level  of 
cos,  per  ease.  MedCents  ac.ua,  average  cos,  for  angina  cases  is  now  15,640,  exceeding  ,he 
efficient  s,andard  by  S940,  or  20  per  ce„,  of  S4.700.  However,  the  other  hospital.  Bastc.  still 
Teats  angina  cases  a,  an  average  cos,  of  S4.7O0  per  discharge.  For  bypass  cases,  MedCenfs 
acua,  average  cos,  per  case  is  55,800  (20  percent,  above  our  efficiency  standard  of  S29.000  per 
case.  S,„ce  the  other  hosp.ta,  treats  no  bypass  patients,  we  have  no  real  basis  for  measunng  thts 
S5.80O  d.fference.  The  importan,  ouesfion  is.  how  wil,  PPS-,ype  paymem  fonmu|as  ^  ^ 
data^  Wi„  paymen,  ra.es  te  ge„era,ed  which  impose  a  loss  on  MedCen,  for  its  inefficiencies,  and 
if  so,  w„,  a  loss  occur  for  both  dtagnosttc  categor.es  or  on.y  for  a„g,„a  cases,  for  which  cos,  per 
case  a.  Bas.c  provides  a  concrete  stands  for  efficient  operat.ng  cost^  Finally,  will  the  existence 
of  inefficiencies  at  MedCen,  change  ,he  na.ure  of  ,he  relationship  between  cos,  per  discharge  and 
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casemix.  from  the  proportional  relationsh.p  in  Display  2  to  one  of  non-proport.onality  in  Display 

39 

Some  reflection  on  the  c.rcumstances  of  Display  3  indicates  that  the  results  are  entirely 
plausible.  The  most  important  consequence  of  introducing  20  percent  inefficiency  into  MedCent's 
care  of  80  percent  of  all  patients  is  a  1 6  percent  increase  in  the  national  standardized  amount-an 
increase  equal  to  about  80  percent  of  the  20  percentage  point  rise  in  average  cost  per  discharge  at 
MedCent.  Relative  weights  for  the  two  DRGs  change  only  slightly,  as  you  would  expect  to 
happen  when  20  percent  inefficiency  is  introduced  for  all  of  bypass  patients  and  for  not  all.  but  for 
a  very  large  majority  of  angina  patients.  With  a  big  change  in  the  national  standard  amount  and 
little  change  in  relative  weights,  payments  rates  for  both  DRGs  rise  by  close  to  the  16  percent 
increase  in  the  national  standard  amount.  Because  Basic  has  incurred  no  increase  in  cost  per 
discharge,  the  rise  in  payment  rates  produces  a  profit.  Because  MedCent's  costs  have  risen  by  20 
percent  but  its  payments  have  risen  by  only  about  16  percent,  it  incurs  a  loss  on  both  categories  of 
patients.  The  rise  in  payment  rates  covers  most  of  the  inefficiency  at  MedCent,  however,  and  the 
hospitals  aggregate  loss  is  only  about  one  sixth  of  its  total  excess  costs.23 

One  of  the  important  features  of  the  illustration  in  Display  3  is  that  the  introduction  of 
inefficiency  in  MedCent's  operations  causes  the  relationship  between  cost  per  discharge  and 
casemix  to  shift  from  the  proportional  relationship  in  Display  2  to  one  with  an  elasticity  coefficient 
of  1 .23.  This  value  implies  that  a  10  percent  difference  in  the  casemix  index  of  two  hospitals  is 
associated  with  a  23  percent  difference  in  their  respective  averages  of  cost  per  discharge.  The 


"  The  five  displays  represent  alternative  circumstances  in  the  base  year  for  a  payment  system  (e  g 
PPS  payment  rates  in  1995  are  still  based  on  hospital  costs  in  1981).  Our  terminology  implying  change 
(e.g.,  "MedCent's  costs  have  risen  by  20  percent")  refers  to  changes  relative  to  the  circumstances  of  an 
alternative  base  year  rather  than  to  changes  over  time. 
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relat.ve  casemix  values  of  the  two  hospitals  has  changed  very  little  between  Displays  2  and  3  - 
MedCents  casemix  index  value  has  remained  about  twice  the  value  for  Basic.  However,  the  all- 
DRG  average  cost  per  discharge  at  MedCent  has  risen  from  about  twice  the  average  at  Basic 
(S9.256  vs.  S4.700)  in  Display  2  to  about  2.36  times  that  unchanged  figure  in  Display  3  (SI  1,108 
vs.  S4.700).  By  dividing  the  difference  between  the  average  cost  per  discharge  at  the  two 
hospitals  in  Display  3  by  the  geometric  mean  average  cost  per  discharge  (6,408/7,225=0.887)  and 
then  dividing  that  calculation  of  the  percentage  difference  in  cost  per  discharge  by  the 
corresponding  calculation  for  casemix  index  values  (0.561/0.783=0.717),  one  obtains  an  estimate 
of  the  elasticity  of  cost  per  discharge  with  respect  to  casemix  for  the  circumstances  illustrated  in 
the  display.  This  estimate  (0.887/0.717=1.247)  is  approximately  the  same  as  the  estimate  derived 
from  the  coefficient  of  the  casemix  variable  in  the  cost  equation  (1.23). 

Display  3  illustrates  the  case  in  which  relative  inefficiency  among  hospitals  serving  patients 
in  relatively  complex  diagnostic  categories  produces  an  apparent  elasticity  between  cost  and 
casemix  in  excess  of  1 .  The  opposite  tilting  of  the  cost-to-casemix  relationship  will  occur  if  the 
same  group  of  hospitals  are  more,  rather  than  less,  efficient  than  their  low  complexity  counterpart 
hospitals.  Display  4  illustrates  this  latter  case,  one  in  which  economies  of  scale  at  MedCent 
produces  a  20  percent  cost  savings  at  that  hospital,  a  much  lower  national  standard  amount,  lower 
payment  rates  in  each  DRG,  what  would  be  a  painful  loss  at  Basic,  and  a  modest  profit  at 
MedCent.  The  resulting  elasticity  of  cost  with  respect  to  casemix  is  0.71,  similar  to  some  of  the 
estimates  we  obtained  above  from  payment  adjustment  equations  fit  to  non-Medicare  data. 
Display  5  illustrates  a  situation  very  similar  to  the  circumstances  of  Display  4;  the  only  difference 
in  the  underlying  hypothetical  facts  of  the  two  circumstances  is  a  difference  in  the  distribution  of 
angina  patients  across  hospitals.  What  a  comparison  of  the  outcome  of  Displays  4  and  5  indicates 
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is  that  the  degree  of  non-proportionality  in  the  cost  to  «  ■ 

y       6  COSt-to-cas^x  relationship  is  affected  by  the 

dispersion  of  patients  between  the  rel^riv  i 

relahve.y  costly  and  relaIive,y  ^ 

contrast  to  „ha,  one  leanls  from  ,  ^ 

P  ys  1  and  2- that  a  redistribution  of 
P-nts  across  hosp.ta.s  wj|,  „„,  ^  a  ^ 

relat.onshtp  i„t0  a  non-proportional  relationship, 
proportionality  may  arise  as  the  n»«i,it 

a"  'mp°nam  exp'analov  van*     —  *»  * 

equation  for  cost  per  discharge  Forexamni.  f 

the  explanatory  variables  used  in  Displays  4  and  5  "  the 

'   *CW™ceof  "on-proportionality  should 
d'sappear,  with  the  output  variable  capturing  the  effect  r 

-      A  P      g      CffeCtS  °f  econ°™es  of  scale  at  MedCent 

second,  the  payment  formulas  incorporated  in  PPS  m  v 

rporated  m  PPS  make  no  effort  to  differentiate  between 

^  5  -  -  ™  — «  *  payraem  rates, ^ 

legmmate"  basis  (Basic  in  Displays  4  and  5  ifi«i„  kt 

»    and  5,  ,f  „s  ,„abl„Iy  to  achieve  MedCenfs  economies  of 
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case™  data  is  no,  the  priraaiy  cause  of  estimated  casem,x  ^  ^ 

.   Furthermore,  we  are  very  skepucal  that  omission  of  cos,-,o-charge-ra,io  adJUs,men,s  in  our 
calculation  of  relauve  weighs  is  a  primary  cause  of  non-proport.onahty.  ,f  the  ,ack  of  cost/charge 
adjustments  is  the  fundamental  problem,  we  eanno,  explarn  why  charge-based  relative  we,gh,s 
would  work  reasonably  well  for  Med.care  (all-US  results,  bU,  no,  for  other  patients,  and  we 
cannot  explain  the  lack  of  any  common  regional  pattern  in  above- 1  and  below- 1  values  for  the 
estimated  coefficients  of  the  easemix  variables  ,n  Medicare  and  non-Medieare  equations. 
Therefore,  we  believe  that  the  types  of  structural  factors  we  have  discussed  here,  omitted 
variables  and  unexplainable  differences  ,n  operattng  efficiency  among  hospttals.  should  be 
exammed  in  subsequent  work  as  potentially  very  important  dimensions  of  the  specification  and 
estimation  of  the  payment  adjustment  equation.  We  will  return  to  this  issue  shortly,  after  we  have 
dtscussed  some  additional  analyses  of  the  relationshtp  between  cos,  and  two  .mportan,  potential 
payment-related  vanables,  proportion  of  low-income  pa,ie„,s  in  the  hospital's  caseload  and 
degree  of  teaching  activity  at  the  hospital. 

G.       Disaggregation  of  Measure  of  Disproportionate  Share  and  Teaching  Activity 
Disproportionate  Share 

For  a  number  of  years.  Medicare  has  provided  a  payment  add-on  to  hospitals  serving  a 
^proportionate  number  of  low-income  patients.  Our  statistical  results  prov.de  virtually  no 
support  for  this  payment  adjustment.  In  our  initial  regression  equations,  this  variable  enters  the 
non-Medicare  model  (column  2  of  the  bottom  panel  of  V-4)  with  a  positive  but  statistically 
insignificant  coefficient  and  the  Medicare  model  (column  2  of  the  mrddle  pane,  of  Table  V-4)  wi,h 
a  coefficien,  ,ha,  is  statistically  significant  bu,  that  has  the  wrong  sign-,nd,cating  that  large 
proportions  of  low-income  patients  in  a  hospital's  caseload  are  associated  with  lower  rather  than 
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Medicare  c*«  becomes  much  Urg„  md  ^  ^  ^ 

becomes  posihve  b„,  „  n0,  sla„sticalIy  ^  ^  ^  ^  ^  ^ 
-bie,  whe.her  m  ,ntercept  shifts  „  region.specific  coeffidems  ^  cas£mix  ^  m  ^ 

c*ange  ta  coefficic,  of  ,he  dispropon,„„a,e  share  variable  ,  ^  ^  ^  ^  ^  _ 
Medicare  equation. 

As  o,hers  have  done,  we  disaggrega,e  d.  d,spropor,,ona,e  share  variable  >o  ,es,  for  «he 

provider  or  a  referral  cen.e,  .here  is  no  evidence  ,ha,  ,„creas,„g  conce„tra,,o„s  of  ,ow-mcome 

averse  cos,  per  discharge  does  r,se  with  ,„creasi„g  concemraIjons  „f  ^  ^ 

■ne  pa„em  is  no,  sufficient  cons.s.en,  am0„g  hosphals  ,o  be  s,a,is,ica„y  signif,ca„,  in  m„s, 
cases.  The  effec,  is  no,  more  pronounced  among  ,arge  hospnais  ,han  among  medium  or  small 
nospi.als.  ,„  smaller  urban  areas,  ,he  phenomenon  of  increases  ,n  cos,  per  discharge  in 
comuncion  with  growmg  co„ce„,ra,io„s  of  ,ow-i„come  pa,,e„,s  is  restricted  to  non.Medicare 
cos,s,  and  ,he  pa„ern  is  again  no,  always  S,a,is,ica„y  sig„ir,can,  However,  for  Medicare  cos.s 
-  re,a„o„sh,p  ,s  reversed-lower  cos,  per  discharge  as  ,he  co„cen,ra,ion  of  low-income  pa,,en,s 
nses,  and  ,hese  nega,ive  coefficient  are  ofien  significant.  The  overa||  pa„em  ^ 
proposinon  ,ha,  Medicare  should  pay  ex,ra  m  hospi,a,s  wi,h  ma„y  low-income  pa.ien.s  and  only 
weakly  supports  ,he  same  proposi.ion  for  non-Medicare  payment. 
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Teaching  Activity 

Our  evidence  in  support  of  a  payment  add-on  for  teaching  hospitals  is  quite  strong.  In  the 
simplest  versions  of  the  payment  adjustment  model,  the  teaching  variable  has  a  positive  and 
statistically  significant  coefficient  for  all  patient  groups.  The  coefficient  is  about  twice  as  large  for 
non-Medicare  as  for  Medicare  patients.  The  addition  of  bedsize  and  regional  dummy  variables 
does  not  weaken  the  statistically  significant  positive  correlation  between  the  hospital's  number  of 
FTE  interns  and  residents  per  occupied  bed  and  average  cost  per  discharge. 

Table  V-8  presents  the  results  of  an  additional  test  of  the  relationship  between  teaching 
activity  and  cost.  In  place  of  the  previously  used  measure  of  teaching  activity,  the  model  used  to 
generate  Table  V-8  includes  ten  dummy  variables,  each  indicating  the  decile  to  which  teaching 
hospitals  belong  when  arrayed  with  respect  to  FTE  interns  and  residents  per  occupied  bed.  This 
specification  of  the  teaching  variable  allows  us  to  look  for  a  threshold  value  of  the  teaching 
variable,  below  which  teaching  activity  is  associated  with  insignificant  incremental  cost  and  above 
which  the  cost  differential  is  significant. 

For  Medicare  patients,  teaching  hospitals  in  all  but  the  lowest  decile  of  teaching  activity 
have  an  average  cost  per  discharge  which  is  higher  than  that  of  non-teaching  hospitals  by  a 
statistically  significant  increment.  The  magnitude  of  the  increment  in  Medicare  costs  grows 
steadily  as  teaching  intensity  rises  until  the  ninth  decile  is  reached  and  then  declines  slightly  for  the 
tenth  decile— an  extremely  well  behaved  relationship.  For  non-Medicare  cost,  the  estimated 
relationship  is  less  smooth.  Among  the  first  six  deciles  of  teaching  hospitals  the  increment  in  non- 
Medicare  costs  associated  with  teaching  activity  is  generally  positive  but  only  once  statistically 
significant.  Among  the  last  four  deciles,  the  increment  is  positive,  increases  substantially  from  one 
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decile  to  the  next,  and  is  statistically  significant.  It  would  appear,  therefore,  that  the  relationship 
between  teaching  activity  and  cost  is  modeled  reasonably  well  for  Medicare  pat.ents  with  the 
often  used  continuous  measure  of  teaching  activity,  the  logarithm  of  the  quantity  1  plus  the  ratio 
of  FTE  interns  and  residents  per  occupied  bed.  For  non-Medicare  patients,  however,  there  does 
appear  to  be  a  threshold  at  about  one  full-time-equivalent  intern  and/or  resident  for  every  5.25 
occupied  beds  below  which  teaching  activity  is  not  associated  with  a  significant  cost  increment 
and  above  which  the  cost  differential  is  sufficiently  large  and  persistent  among  hospital  to  be 
statistically  significant. 

The  coefficients  of  the  dummy  variables  for  teaching  intensity  in  Table  V-8  suggest  that, 
with  some  collapsing  of  the  categories  used  to  differentiate  teaching  hospitals,  a  relatively  simple 
scheme  of  payment  add-ons  could  be  derived.  For  example,  a  dummy  variable  for  hospitals  in 
deciles  2  through  6  would  have  a  statistically  significant  coefficient  for  Medicare  and  for  all 
patients,  and  we  are  unlikely  to  be  able  to  reject  the  hypotheses  that  such  a  variable  has  the  same 
coefficient  in  both  equations.  Similarly,  we  are  likely  to  not  be  able  to  reject  the  hypothesis  of  a 
common  coefficient  for  the  combination  of  Medicare  payments  for  deciles  7  through  10  and  for 
non-Medicare  payments  for  deciles  7  and  8. 
H.       Summary  and  Suggestions  for  Further  Work 

The  statistical  results  presented  here  do  not  provide  a  satisfactory  basis  for  specifying 
payment  adjustment  parameters  for  non-Medicare  payments.  We  do  not  need  to  conduct  further 
analyses  (e.g.,  simulations)  to  know  that  a  PPS-type  payment  system  would  produce  very  large 
differences  between  non-Medicare  cost  and  non-Medicare  payments  for  hospitals  with  the  most 
complex  and  least  complex  caseloads.  The  estimated  elasticity  of  non-Medicare  cost  per 
discharge  with  respect  to  casemix  of  approximately  0.6  implies  double-digit  percentage 
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differences  between  cost  and  revenue  for  perhaps  25  percent  of  non-Medicare  discharges.  Such 
differentials  could  not  be  justified  without  detailed  evidence  of  cost  economies  or  cost 
inefficiencies  in  outlier  hospitals. 

For  Medicare  payments,  our  results  have  less  severe  limitations.  At  the  national  level,  the 
estimated  elasticity  of  cost  per  discharge  with  respect  to  casemix  is  very  close  to  1  in  value. 
While  hospitals  with  very  complex  or  very  simple  caseloads  will  be  "winners"  or  "losers"  in  some 
regions,  the  regional  pluses  and  minuses  for  each  group  cancel  out  for  the  nation  as  a  whole.  For 
some  regions  (e.g.,  East  South  Central  and  Pacific),  the  degree  of  departure  from  proportionality 
in  the  relationship  between  Medicare  cost  per  discharge  and  Medicare  casemix  is  sufficiently  large 
to  merit  some  further  scrutiny.  Moderate  cost/payment  differentials  should  appear  in  simulation 
results  for  hospitals  with  the  most  complex  and  least  complex  caseloads  in  those  regions. 

Our  results  provide  no  support  for  a  disproportionate  share  differential  in  either  Medicare 
or  non-Medicare  payments.  For  Medicare,  we  find  to  the  contrary  that  hospitals  with  a  high 
percentage  of  low-income  patients  in  their  caseload  have  lower  rather  than  higher  costs  than  their 
counterparts  with  more  affluent  patients. 

A  payment  differential  for  teaching  hospitals  is  strongly  supported  by  our  results. 
Teaching  hospitals  with  ratios  of  interns  and  residents  per  occupied  bed  between  0.018  and  0.191 
(deciles  2  through  6  of  teaching  hospital  with  respect  to  teaching  intensity)  should  receive  a  4  to  7 
percent  add-on  to  Medicare  payments  to  cover  the  indirect  costs  of  their  medical  education 
programs.  Those  with  higher  intensity  of  teaching  activity  need  an  extra  7  to  9  percent  ( 1 1  to  16 
percent  in  all)  for  payments  to  cover  average  cost.  Hospitals  in  the  top  20  percent  of  teaching 
intensity  cannot  cover  the  particularly  high  incremental  costs  of  their  teaching  programs  without 
approximately  a  30  percent  add-on  to  non-Medicare  payments. 
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We  find  strong  support  for  an  urban/rural  payment  differential  but  little  strong  evidence  of 
a  cost  d.fference  between  hospitals  in  large  and  medium/small  urban  areas.  It  is  d.fficult  to  assign 
a  specific  value  to  the  payment  add-on  for  urban  hospitals,  for  there  is  a  confounding  correlation 
between  urban  location  and  regional  location.  Because  we  believe  the  burden  of  proof  for  any 
payment  differential  is  very  high,  we  would  opt  for  the  lowest  parameters  suggested  by  our 
various  results-about  a  4  percent  add-on  for  non-Medicare  patients  and  a  6  percent  add-on  for 
Medicare  payments.25 

Some  of  our  estimates  suggest  that  the  portion  of  costs  to  which  the  wage  index 
adjustment  should  be  applied  is  less  than  the  portion  currently  adjusted  under  PPS.  Our  estimates 
of  the  elasticity  of  cost  per  discharge  with  respect  to  the  regional  wage  index  rises,  however, 
when  regional  dummy  variables  are  added  to  the  model.  In  the  expanded  model,  we  cannot  reject 
the  hypothesis  that  the  same  wage  adjustment  should  be  made  for  both  Medicare  and  non- 
Medicare  payments,  nor  that  the  adjustment  should  be  made  to  the  portion  of  costs  comprised  of 
wages,  salaries  and  fringe  benefits-about  75  percent.  Therefore,  we  believe  that  the  standard 
PPS  adjustment  to  operating  cost  (as  opposed  to  capital  cost)  is  supported  by  our  results  for 
operating  and  capital  costs  combined  and  for  payments  for  both  Medicare  and  non-Medicare 
patients. 

There  is  a  need  for  further  inquiry  which  might  help  to  address  the  problem  of  estimated 
elasticities  of  cost  per  discharge  with  respect  to  casemix  that  are  materially  different  from  1.0. 
One  option  would  be  recalibration  of  relative  weights  and  casemix  indices  to  adjust  for  differences 


-  The  parameter  given  here  for  non-Medicare  takes  into  account  that  a  simple  urban/rural 
differential  based  on  the  coefficients  in  the  last  column  of  Table  V-5  should  be  a  weighted  average  of  the 
coefficients  of  the  urban  and  large  urban  dummy  variables. 
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in  cost-to-charge  ratios  among  hospitals.  We  lacked  the  data  from  discharge  abstracts  to  make 
these  adjustments  separately  by  department,  and  we  chose  not  to  use  data  from  either  or  both 
Med.care  cost  reports  or  AHA  (special  data  provided  to  HCFA)  to  make  gross  adjustments  at  the 
hospital  level.  For  the  reasons  given  above,  we  are  skeptical  that  such  adjustments  will  do  much 
to  turn  non-proportional  relationships  between  cost  per  discharge  and  casemix  into  proport.onal 
relationships. 

A  second  opt.on  for  future  work  would  be  to  focus  on  the  structure  and  computation  of 
relative  weights.  For  example,  it  can  be  shown  that  the  procedures  used  under  PPS  to  derive 
relative  weights  and  resulting  casemix  indices  do  not  minimize  the  squared  differences  between 
estimated  cost  (as  measured  by  charges,  either  adjusted  or  not  for  cost/charge  ratios)  and 
resulting  payments  by  DRG  by  hospital.  Some  rudimentary  simulations  suggest  that  payment 
"errors"  might  be  reduced  by  5  to  15  percent  by  using  a  least-squares  criterion  for  deriving 
relative  weights,  but  there  will  be  little  change  in  estimated  elasticities  of  cost  per  discharge  with 
respect  to  casemix.  Another  possible  approach  is  to  investigate  hospital-specific  relative  weights 
as  an  alternative  basis  for  a  payment  system  for  non-Medicare  patients.  However,  such  an 
approach  constitutes  a  major  departure  from  the  formulas  and  procedures  in  PPS. 

A  third  option  for  further  work  is  a  suggestion  made  by  Zuckerman,  Hadley,  and 
Iezzoni.26  It  involves  replacing  the  simple  payment  adjustment  models  used  here  with  a  fully 
specified  and  carefully  estimated  hospital  cost  function  and  using  the  residuals  derived  thereby  to 
rank  hospitals  on  the  basis  of  relative  efficiency.  We  would  then  use  data  from  only  an  "efficient" 


-  Stephen  Zuckerman,  Jack  Hadley  and  Lisa  Iezzoni,  "Measuring  Hospital  Efficiency  With 
Frontier  Cost  Functions,"  Journal  of  Health  Economics,  vol.  13,  1994,  pp.  255-80  and  "The  Role  of 
Efficiency  Measurement  in  Hospital  Rate  Setting,"  Loc.  Cit.,  pp.  335-40. 
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subset  of  hospitals  to  compute  relative  weights,  a  national  standard  amount,  and  parameters  for 
payment  adjustments.  The  approach  produces  a  ranking  of  hospitals  with  respect  to  efficiency 
which  is  relatively  robust  with  respect  to  the  group  to  which  each  hospital  is  compared  (only 
hospitals  of  the  same  type  versus  all  hospitals).  While  additional  testing  of  the  sensitivity  of 
efficiency  rankings  is  needed,  the  approach  offers  the  opportuntty  to  evaluate  a  payment  system 
calibrated  to  the  cost  level  and  structure  of  economically  and  efficiently  operated  hospttals.  As 
the  Zuckerman.  «  al.  article  points  out.  the  potential  savings  from  sueh  an  approach  to  rate 
setting  is  quite  large.  That  should  be  an  attractive  option  to  consider  as  Congress  searches  for 
shott-run  as  well  as  long-run  mechanisms  for  reducing  Medicare  spending  and  as  private  payers 
look  for  defensible  standards  to  use  in  their  negotiations  with  providers.  Such  an  approach  will  be 
explored  in  the  final  phase  of  this  project. 


V-39 


—  _  VARIABLE 

n  nDa,"e"'  VUM  Her  U'scharqe.  All  Patients^  

n  npatient  Cost  Per  Discharge.  Medicare) 

in(CMI.  All  Patients)  '  

ln(CMI,  Medicare  Patients) 
InjCMl,  NonMedicare  Patients) 

,n'Airffis,ien,:<3roupby',e9io")  

 ^?»-N!*..&)9W  (=0  Elsewhere) 

A"  Patients.  Middle  Atlantic  (=0  Elsewhere) 
A  Patents.  South  Atlantic  ,=o  Elsewhere? 

 S^|^5*.CeW  (=o  Elsewhere) 

M  Patients.  East  South  Central  (^  Eisewhe'rei 

 -g-g^:  West  South  Central  (=0  Elsewhere 

a  a*S*ms'  Mountain  States  M  BsMrtiaimi 
AM  Patents.  Pacific  Sta(es  g«gj») 

...Medicare  Patients 

Medicare.  Middle  Atlantic  (=0  Elsewhere) 

 -W^re.  .South  Atlantic  (=0  Elsewhere) 

Medicare.  East  North  Central'  (=0  Eisewhere) 
Medicare.  East  South  Central  (=0  Elsewhere) 

Medicare.  West  South  Central  (=0  Eisewhere) 
Medicare.  Mountain  States  (=0  ElsevCe, ' 

-XrS&SG&SBS***  (=0  Elsewhere) 
NonMedicare  Patients   

NonM^'"'6'  NeW  England  <=0  Elsewhere) 

 .^n^care,Miadle  At.ant,c  (=0  Elsewhere) 

NonMedicare.  South  Atlanta "(='6  Eisewhere) 
NonMedicare.  East  North  Central  (=0  Sere) 
 ^^.Micare,Eas,.Sou,h  Central  =0 153 

MooMe?Care'  West  ^"Central  (=0  e£S 
NonMed,care.  West  South  Central  =0  Elsewhere 

 ^^^..Moumain ..S^tes  (=0  ElsevS) 

NonMedicare.  Pacific  States  (=6  EisewhPriV 

ln(Regional  Wage  Index)  tisewhere) 

DUMMY:  Urban 

DUMMY'  La'rqe'urban  

In(UlRpOB) 

ra^SS^^^W  values  (Low) 
Dummy'  ?f°nn  Dec"e  °*  Non"Zero  IRdOB  vaiue's"' 
nnw»v  r^'rd  Dec"e  ot  Non-Zero  IRpOB  Values 

Dummy  c^eC"e  °'  Non-Zero  I RDOB  Values' 
SuMMY-:  S       ^  °'  NOn-2er°  IRP°B  Va  tSs 

Smmy  ^^nT1Dec,leo'  Non-2ero  «P°B  Values 
Dummy  w'"!*!  n        °'  Non-Zer°  'RdOB  Values' 
Dummy  °'  Non-Zero  IR?OB  ™u£ 

^^^J^mmsmmim  

in(Beds) 

°yMMY;  Large  Urban.  Beds<l40 
DUMMY;  Large  I  irbar  ^^'n  i^DSH^^ 


table  v i 

MEANS  FOR  DEPENDENT  AND  EXPLANATORY  VARIABLES 


8  4682 
...7  9628 
"0.'i'672 
-0.1562 
-0.1353 


-0.0046 
-0  0058 
-0.0100 
-0.0175 

:6-6i3o" 

-0.0158 
-0.0152 

'-o.o'i'i's' 

-0.0130 

•o'oosT 

-0.0103 
-0  0188 
-6  0218 
-0.0190 
:0.0313 
-0  0246' 
•0.0131 
-00109 


-0  0058 
.:.9.-°063 
-'6.0094 
-0.0208 
:0.0136 
-6.0346 
-0.0170 
.  -0.0148 
-0.0136" 
-0.1093 
.  0  5558 
"02996"' 
0.0404 
0.0237 
6.0249 
0.0178 
0.0237 
0.0i'88 
0  0228 
0.0228 
60209 
0.0205 
0.0220 
6  1856'' 
4.6861 
0.0944 
66297 


DUMMY 
DUMMY 
DUMMY 

DUMMY- 
DUMMY: 
DUMMY: 
DUMMY' 
DUMMY, 
DUMMY: 
'DUMMY- 
DUMMY: 
'.DUMMY: 
DUMMY 
DUMMY 
DUMMY 
DUMMY 
DUMMY: 
DUMMY: 

DUMMY: 
DUMMY; 
'.DUMMY: 

DUMMY- 
DUMMY: 
DUMMY: 

DUMMY- 
DUMMY: 
JpUMMY: 

DUMMY; 
DUMMY- 
DUMMY 
DUMMY: 
DUMMY: 
DUMMY: 

DUMMY- 
DUMMY: 
DUMMY- 
DUMMY-' 
DUMMY 
JDUMMY: 

DUMMY; 
'DUMMY: 
DUMMY: 
DUMMY' 
DUMMY 
DUMMY 
DUMMY 
DUMMY 
DUMMY 

DUMMY; 
DUMMY: 
[DUMMY: 
'DUMMY: 
DUMMY- 
DUMMY 
DUMMY 


Larqe  Urban,  Beds<l40  0  2<=DSH°   

Large  Urban.  Beds<i40,  0.35<=DSH%  '  5 
.^ar9e^.L;'rt!an.  1 40<=Beds<280 
Large  Urban,  ^^eas^'ol^^H^n^ 
Large  Urban.  140<=Beds<280:  O^DsECoL 
.Lar9e.y.^ap,J40<=Beds<280.  0  35<=DSH°o 
Larqe  Urban,  280<=Beds 
Large  Urban,  280<=Beds.  0.1<=DSH%<0  2 
-fa-r9e  .Urban,  280<=Beds.  0.2<OShCo  35 
Larqe  Urban,  280<=Beds'.''6.'3'5'<'=b'SH%''''' 
Other  Urban.  Beds<  1 00      JO<-us,M  * 

-.^.?.Ly.rt|.an.-.Beds<l00.  0.1<=DSH%<0  2 
:  Other  Urban.  B«te<l6b.?2<ibSHi':';'n« 
Other  Urban.  Beds<l00.  0.'k=DSH%  5 
..°!.h.e.r.y  rtian.  1 00<=Beds<250 
Other  Urban.  W^iSS^i^^^^^g 
Other  Urban.  100<=Beds<250.  0  2<=DSH»°<0  ^ 

;».y^n4oo<=Beds^5o:o:LS 035 

Other  Urban.  250<=Beds  * 
SUfrnJ8"-  250<=B«1S.  0.1<=DSH%<0.2 
°-2<=DSH%<0.35 
Hural.  Sole  Provider,  Beds<40 

S#^^  0  15<=DSH%<0  25 
Rural.  Sole  Provider,  Beds<40.  6 '25<-DSH«y'"  " 
Rural,  Sole  Provider,  40<=Beds<65 
.RuT.al- Sole  Provider.  40<=Beds<65 

Rural  Referral  Center,  Beds<200       "  % 
■^Referral  Center.  Beds<200,  0.2<=DSH% 
Rural  Referral  Center.  20Ck«Beds 
Rural  Referral  Center.  200<=Beds  0  2<-DSH<" 
Other  Rural,  Beds<40  ^<-USH  , 

Other  Rural.  Beds<40.  0.2<=DSH%<0'35 
■^.n.?.r..Flu.r.a!;..Beds<40.  0.35<=DSH% 
Other  Rural.  46<=Beds<65 

Sfr  pUra!'  4°<=Be<3S<65'  °K=DSH°/o<0.2 
.^^u^.!,40<=Beds<65.  0.2«DSH-.<0  35 
Other  Rural,  40«Beds<65.  "6  35«DSh£™" 
Other  Rural,  65<=Beds       U  J5<-DSH/o 

:..^e.C.3y.ra!i.65<*Beds,  0.1<=DSH%<0  2 
-  Other  Rural.  65<=Beds. '6:2'<='dSH»o<o  35 
Other  Rural,  65<=Beds.  0.35<=DSH% 
■#&JPafe!$.  Census  Region 
Middle  Atlantic  Census  Reqion 
South  Atlantic  Census  Region 
.E.a.?t.No.rth.Centrai  Census  Region 
East  South  Central  Census  Region 
West  North  Central  Census  Region 
:West  South  Central  Census  Region 
Mountain  Cpnsus  Regmn 


MEAN 


NOTES  TM,    h  UU"3/    I^^MY:  Mounter,  rone.  qeajon  

nutes.  CMI  indicates  casemix  index-  IRdOB  mriirat    *  — '  '  n  w 


0  0174 
0.0157 
0.1045 
0.0295" 
0.0176 
0.0151 
0.1067" 
0.0312 
0.0209 

6.  617  6  ' 

0.0724 
0.0253 
66146 
0.0151 
0.0931 

6.C356'' 
0.0237 
.0,0119 

6.6968  " 
0.0412 
0.0232 
'6.0696' 
0.0423 
.0.0121 
'6'.6'o'78'" 
0.0345 
00090 
6.6l03"" 
0.0318 
0.0109 

o'.oiiT'" 

0.0266 
...0.0103 

6.6263 
0.0101 
00913 

"6.0245 " 

0.0170 

0.0161 
"6'6'946" 

0.0287 
.0  0236 

6  6239' 

0.1028 
0.0303 
6.6297" 
0.0270 
0.0427 
6.0992 
0  1522 
0.1536 
0  0875 
0.1394 
0.1405 
6  0655 


1 

\ 

\ 

1 


TABLE  V  2 

REGRESSION  RESULTS  FROM  THE  BASIC  MODEL  BY  PATIENT  GROUP 
(Data  from  All  States  and  DC;  Ordinary  Leas,  Squares  EstfmaiJ) 
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1.87 
1.50 
1.22 

28% 
18% 

21% 
13% 

13% 
8% 

6% 
4% 

1.0 
0% 
0% 

1.1 
-6% 
-4%  , 

1.2 
-12% 
-8% 

1.3 

-17% 

-11% 

Seventh  Decile 
Sixth  Decile 

1.04 
0.98 

2% 
-1% 

1% 

0% 

1% 
0% 

0% 
0% 

0% 
0% 
0% 

-1% 
0% 
0% 

-2% 
-1% 
0% 

-3% 
-1% 
0% 

Fifth  Decile 
Fourth  Decile 
Third  Decile 

0.93 
0.88 
0.83 

-3% 
-5% 

-2% 
-4% 

-1% 

-3% 

-1% 
-1% 

0% 
0% 

1% 
1% 

1% 
3% 

2% 
4% 

Decile  of  Lowest  Values 
Lowest  One  Percent 

0.66 
0.41 

-15% 
-30% 

-12% 
-23% 

-8% 
-16% 

-4% 
-8% 

0% 
0% 
0% 

2% 
4% 
9% 

5% 
9% 
19% 

8% 

13% 

30% 

NOTES:  Over-  and  underpayment  is  defined  here  as  the  amount  (percent)  by  which  revenue  exceeds  or  falls  short  rrf  n«e.  mn  , 

*%TJ       r  ,Hehs,andard  paymem  amoum  is  *« ,o  ^KKSSTS 7JT££SE~X&tt 

■■■■■■I 


TABLE  V-4 

EFFECTS  OF  ESTIMATION  TECHNIQUE  AND  SAMPLE  ON  REGRESSION  RESULTS  BY  PATIENT 


Exnlanatnrv  Variahio 

Dependent  Variable:  Loqarrihm  of 
Expense  per  Discharge  for  All  Patients 

All  Stat 

2S  and  DC 

i  3  OLdlCo 

OLS 

GLS 

GLS 

InCBesf  CMI,  All  Patients) 

0.732 

(37  97) 

0.776 

n  r^? 

0.614 
(20  41) 

0.608 

(22  62) 

n  fiQQ 

(18  36) 

DUMMY:  Urban 

0.100 

(9  53) 

0.096 

U.U**  1 

0.021 

0.016 

0.016 

0.355 

(11 17) 

0.388 

(14  48) 

0.348 

(10  16) 

W1+DSH%] 

-0.028 

1-0  95) 

0.044 

0.196 

I  R-Souare  

8.264 

(768  10) 

8.253 

(819  00) 

8.257 

(596  80) 

05? 

0.5? 

0.60 

 cxoianaiorv  vanapie  

Dependent  Vanable:  Loaarrihm  of 
Expense  per  Discharge  for  Medicare  Patients 

All  State 

s  and  DC 

19  States 
GLS 

OLS 

GLS 

InCBesf  CMI.  All  Patientsl 

0.993 

(43  93) 

1.033 

0.992 

0.608 

(21.66) 

0.608 

(26  53) 

0.629 

(19  48) 

DUMMY:  Urban 

0.113 

(11  16) 

0.099 

0.079 

0.016 

(1  58) 

0.011 

0.018 

0.276 

(9  24) 

0.285 

("93) 

0.245 

(7  74) 

ln(UDSH%) 

•0.170 
(■645) 

-0.102 

0.061 

8.643 

(786  10) 

8.647 

1911.50) 

8.621 

(669  40) 

'  1  i-uuuaic                                                          1  U.bJ  

0.63 

0.67 

Dependent  Vanable:  Loaarrihm  of 
Expense  per  Discharae  for  Non-Medicare  Patients 

All  Stale 

and  DC 

19  States 

GLS 

ExDlanatorv  Variable 

01  s 

InCBesf  CMI.  All  Patients) 

0.604 

(23.27) 

0.637 

0.796 

0.581 

(1380) 

0.580 

(1481) 

0.727 

(1250) 

DUMMY:  Urban 

0.050 

(3.28) 

0.051 

(3  58) 

-0.021 

0.027 

(1  78) 

0.024 

(179) 

0.024 

0.477 

(10  54) 

0.548 

(13  93) 

0.501 

19  631 

ln(UDSH%) 

-0.015 

(-037) 

0.043 

(1  12) 

0.302 

Intercept 

8.056 

(504  Ml 

8.038 

(522.40) 

8.026 

1363  90) 

R-Souare  0.34 

0.33 

0.41 

Note:  t-statistics  are  shown  in  parentheses:  ordinary  least  squares  (OLS)  makes  no  correction  for  heteroscedasticity;  generalized  least  squares 
(GLS)  corrects  for  differences  in  error  variance  due  to  use  of  an  estimated  measure  of  casemix  in  some  States  and  due  to  differences 
in  hospital  size  (number  of  discharges  in  the  category  of  patients  to  which  the  equation  applies). 


a^r^-r  TABLE  V-5 

EFFECTS  OF  ADDING  REGIONAL  AND  BEDSIZE  VARIABLES 
(Data  fr°m  Al1  States  and  DC;  GLS  Corrections  for  Heteros^ 


Explanatory  Variable 
|ln(CMI,  Medicare) 

ln(CMI,  Non-Medicare) 

ln(Regional  Wage  Index) 

DUMMY:  Urban 

[DUMMY:  Large  Urban  ' 
MnO+JRpOB) 
In(1+DSH%) 
In(Beds) 

[dummy' 

New  England 
(DUMMY : 

Middle  Atlantic 
IdUMMY: 

South  Atlantic 
[DUMMY": 

East  North  Central 
|DUMMY 

..East  South  Central 
IDUMMY: 

West  North  Central 
|  DUMMY : 

West  South  Central 
|DUMMY: 

Mountain 
I  Intercept 


Medicare  j  Non-Medicare 

Patients  j  Patients 
1.033 

(53.40) 

— | 0.637' 
(26.22) 

0-  608 j 6.580' 
(26-53)     j  (14.81) 

0.099    j  0~05l" 

01-  40)     j  (3.58) 

6.01  i | '6.024' 

(1-46)      j  (1.79) 

6.276 [ 0.548" 

(11-93)     |  (13.93) 

-0.102   !  O043~ 

(-419)     i  (1.12) 


8.647" 
(911.50) 


8.038" 
(522.40) 


0.63 


0.33 


Medicare  j  Non-Medicare 

Patients  I  Patients 
0.906 

(39.14) 

j 6"655 
(26.15) 

6.624 j 6"580" 
(27.60)     j  (14.8Q) 

0.073    j  O068" 

(8.24)  (4.43, 

6"6o6 j 6"6'26" 

(0-77)  (1.92) 

6"260 j 6"569" 

(10.99)     j  (14.17) 

-0.112    |  6~045~ 

(-4-65)  (1.18) 

6.047    | -6.62b' 

(989)  (-3.06) 


8.421 

(340.60) 


0.63 


8.124 

(253.60) 


oer  Discha 
Medicare 
Patients 
0.901 

(37.28) 


0.716 
(21.43) 

0.061 

(6.50) 

-6.663 
(-0.44) 

0"265" 

(10.99) 
-0.124 

(-4.77) 

0"046 

(9.25) 

a039 

(2.77) 

-0.013 

(-1.17) 

"6'.'6'56 

(4.45) 

6.031 

(2.52) 

0.021 

(1.29) 

"6'.'6'23 
(1-60) 

0'.049 

(3.36) 

0.000 

(0.02) 

'8.420 

(329.90) 


rge  for 
Non-Medica 
Patients 


0.615 

(24.78) 

0816" 

(14.32) 

0.035 

(2.20) 

6.612 

(0.88) 

6.631 
(15.68) 

-0.050 

(-1.21) 

-6.663' 
(-0.42) 

-ai64 

(-6.72) 

-0.233 

(-12.32) 

6.019 

(0.88) 

-d.068"' 

(-3.31) 

0.014 

(0.52) 

0.035" 
(1-43) 

0.052' 

(2.17) 

-0.011 

(-0.43) 

"8.T27" 
(250.50) 


0.63 


NOTE:  t-statistics  are  shown  in  parentheses. 


0.37 


TABLE  V-6 

INCORPORATING  REGION-SPECIFIC  ELASTICITIES 
OF  COST  PER  DISCHARGE  WITH  RESPECT  Tnriocuiv 
(D,a  from  A„  States  an,  DC;  GLS  SSSSSSS^ 


 ,  ^»jlanatory  Variable 

WCMI  Soecific  to  Pat.ent-Grouo.  New  EnGland" 

I  ini  (iiwi  SDecifjc'to'  "PaVient'-GVoucrMiddle  Atlantic) ' ' 

ln(CMI  Soecific  to  Patient-Grouo.  East  North  Central)" 
ln(CMl'SDecitic'to'Patie'nt"GVouD:East 
jlnrCMt  Specific  to'PaVienNG^ 
infCMI  Soecific  to  Patient-Grouo.  West  South  Central) 

IniCMI  Scecrfic  5>Pi£r*§^ 

in(Reaional  Waae  Index) 

DUMMY^'urban 
'DUMMYrLa7aeUrban' 
Ind+lRoOB) 
ln(i+DSH%) 

DUMMY-  New  Enaiand  Census  fleoiori'' 
lUUMMY:  Middle  Atlantic  Census  Reaion  ' 
IDUMMY:  South  'iiarifc  Censis'RiSSi 

luUMMY:  East  South  Central  Census  Reaion  ' 
'DUMM'Y'west'No'rih  Central 
DUMMY:  Westlo^th'centrai'c^nsus' Reaion' 


Logarithm 


All  Patient 
0.586 

 .(8.96) 

0.878 

 .(2.0.33) 

6.803 
(21.75 
0.818 

 .(1.9.11] 

0.976 

 .(1.6,12) 

0.782 
14.12 
0.667 

J!.!?Z) 

6.639  ' 
...(1.0.33) 
0.687 ' 
(20.17) 
0.757 

 .(19.29) 

6.071  "* 

 .(6,8?) 

0.007 
(0.78 
0.428 

 .(1.5,90) 

-6.62V" 

 (:P:79) 

-0.058 

;3.33 

-0.085 

 tfiHL 

0.057 

 fflfflL 

0.016 

HI 
0.056 
..(?-80) 
O.669'" 
..(0,49) 

0.054" 
(3.14 
-0.025 

-MM 
8.285 
(667.00) 


DeDendent  Variable: 
01  Expense  per  r 


NOTE:  Ns  indicates  a  t-statistic  less  than  1.96 


Non-Meriir 
0.418 
.....15,25). 
0.961 

js§m 

6.662  ' 
(12.57) 

0.722 
...112,77) 
0.779 

0.413 
(6.75) 
0.504 

J&J2L 
0.439 

i5.-6.!)... 
0.580 
(11.62) 
0.826 

 .(1.4.63) 

6.038  "" 

 1?;53)... 

0.008 
(0.61) 
0.615 

 .(15.58) 

•6.637" 

 (:p.90) 

•0.180 
(-6.92) 
■0.209 
..(.-1.0.95) 
0.026  " 
...(!,22)... 
-0.050 
1-2.32) 
0.042 
....(1,4.6).... 

0.002 
....(0,08).. 
0.048  "' 
(1.96) 
-0.034 
...(:1,22) 
8.106 
(441.40) 


0.37 


EFFECTS  OF  DIFFERENCES  IN  CONCENTRATIONS  OF  POOR  PATIENTS  AMONG  HOSPITALS' 
FINELY  DISAGGREGATED  MEASURES  OF  'DISPROPORTIONATE  SHARE' 
(Data  from  All  Slates  and  DC;  GLS  Corrections  for  Heteroscedasticity) 


Explanatory  Variable 

Dependent  Variable: 
Logarithm  Of  Expense  per  Discharae  for 

All  Patients 

Medicare 

Non-Medicare 

ln(Predicted  CMI.  All  Patients) 
ln(Predicted  CMI.  Medicare  Patients) 
InjPredicted  CMI.  Non-Medicare  Patients) 

0.758 

0.913 

infReoional  Waae  index) 
In(UIRpOB) 

DUMMY:  Larqe  Urban.  Beds<140 

0.590 
0.307 

0.605 
0.231 

0.573 
0.432 

DUMMY:  Lame  Urban.  Beds<140.  0.1<=DSH%<0.2 
DUMMY:  Large  Urban.  Beds<l40.  0.2<=DSH%<0.35 
DUMMY:  Larqe  Urban.  Beds<140.  0.35<=DSH% 

0.006 
-0.025 

0.001 
-0.034 

-0.001 
-0.017 

DUMMY:  Large  Urban,  140<=Beds<280,  0.1<=DSH%<0.2 

8.358 
■0  008 

8.727 
0.002 

8.709 
-0.028 

DUMMY:  Large  Urban.  280<=Beds 

DUMMY:  Larqe  Urban,  280<=Beds.  0.1<=DSH%<0  2 

0.046 
8.382 

0.045 

8.750 

0.034 
8.146 

DUMMY:  Large  Urban.  280<=Beds.  0.35<=DSH% 
DUMMY:  Other  Urban,  Beds<100 

0.030 
0.J0J 
8.303 

0.047 

0.023 

0.035 
0.111 

DUMMY:  Other  Urban.  Beds<l00.  0.2<=DSH%<0.35 
DUMMY:  Other  Urban,  Beds<l00.  0.35<=DSH% 

-0.031 
0.034 

0.003 
0.010 

-0.043 
0.060 

DUMMY:  Other  Urban,  100<=Beds<250.  0.1<=DSH%<0.2 
DUMMY:  Other  Urban,  100<=Beds<250,  0.2<=DSH%<0  35 

8.341 
0.011 

8.706 
0.015 

8.089 
-0.008 

DUMMY:  Other  Urban.  250<-Beds 

0.014 
8.381 

-0.053 
8.772 

0.048 
8.109 

DUMMY:  Other  Urban.  250<=Beds.  0.2<=DSH%<0  35 
DUMMY:  Other  Urban,  250<=Beds.  0.35<=DSH% 
DUMMY:  Rural.  Sole  Provider.  Beds<40 

0.029 
0.065 

-0.026 
0.014 

0.066 
0.120 

DUMMY:  Rural.  Sole  Provider.  Beds<40.  6.1 5<=DSH%<6.25 
DUMMY:  Rural,  Sole  Provider,  Beds<40,  0.25<=DSH% 
DUMMY:  Rural,  Sole  Provider,  40<=Beds<65 

-0.017 
-0.094 

-0.073 
■0.125 

-0.008 
-0.106 

DUMMY:  Rural,  Sole  Provider.  40<=Beds<65.  6.1 5<=DSH%<6.25 
DUMMY:  Rural,  Sole  Provider,  40<=Beds<65.  0.25<=DSH% 
DUMMY:  Rural,  Sole  Provider,  65<=Beds 

-0.013 
-0.072 

-0.006 
-0.089 

-0.031 
-0.084 

DUMMY:  Rural.  Sole  Provider.  65<=Beds.  6.1 5<=DSH%<6.25 
DUMMY:  Rural,  Sole  Provider,  65<=Beds.  0.25<=DSH% 
DUMMY:  Rural  Referral  Center.  Beds<200 

-0.049 
-0.033 

-0.076 
-0.077 

-0.076 
-0.046 

DUMMY:  Rural  Referral  Center.  Beds<2o6.  6.2<=DSH% 

DUMMY:  Rural  Referral  Center,  200<=Beds 

DUMMY:  Rural  Referral  Center,  200<=Beds,  0.2<=DSH% 

-0.013 

O.J  / 0 

-0.051 

Q  71Q 

O./ly 

0.026 
8.039 

DUMMY:  Other  Rural.  Beds<40 

DUMMY:  Other  Rural.  Beds<40,  0.1<=DSH%<0.2 

DUMMY:  Other  Rural,  Beds<40,  0.2<=DSH%<0.35 

8.311 
-0.022 
-0.046 

8.634 
-0.030 

8.222 
-0.063 

DUMMY:  Other  Rural.  Beds<40.  0.35<=DSH% 

DUMMY:  Other  Rural.  40<=Beds<65 

DUMMY:  Other  Rural,  40<=Beds<65, 0.1<=DSH%<0  2 

-0.070 
8.260 
-0.051 

■0.158 

8.570 

-0.095 
8.147 

DUMMY:  Other  Rural.  40<=Beds<65. 0.2<=DSH%<0.35 
DUMMY:  Other  Rural,  40<=Beds<65,  0.35<=DSH% 
DUMMY:  Other  Rural.  65<=Beds 

-0.044 
■0.082 

8.272 

-0.040 
-0.JJ6 

■0.136 
■0.147 

DUMMY:  Other  Rural.  65<=Beds.  0.1«DSH%<0.2 
DUMMY:  Other  Rural.  65<=Beds.  0.2<=DSH%<0.35 
DUMMY:  Other  Rural,  65<=Beds,  0.35<=DSH% 

-0.043 
-0.040 
-0.044 

-0.019 
-0.046 

-0.075 
-0.048 

R-Souare 

0.53 

0.64 

0.36 

NOTE:  In  place  of  a  constant  term,  all  14  general  categories  of  hospitals  (labels  and  coefficients  for  these  variables 
are  shown  above  in  italic  typeface)  are  represented  by  dummy  variables.  Coefficients  for  hospitals  with 
medium,  high  or  very  high  concentrations  of  low-income  patients  measure  the  difference  between  average 
costs  for  these  groups  and  average  costs  for  those  hospitals  with  the  lowest  concentrations  of  low-income 
patients  in  the  general  category.  The  coefficients  of  all  14  dummy  vanables  for  general  categones  are  statistically 
are  statistically  significant.  In  all  other  instances,  bold  italic  typeface  is  used  to  identify  statistically  significant 
coefficients. 


and  DC.  GLS  Correcttons  for  Heteroscedasttcity) 


- — .  Explanatory  Variable 

'"'WediciedCMI.  All  Patients, 


IntPredlaed^MirMedicaVePaNenViy 

1m  Regional  W  age  Index 
DUMMY"'uVbM 
iDUMMYfTaVge'OVbM 

i  Mrs,  Det.lt  ul  Non-Zero  IkpUB  ValuesTEST) 

DUMMY"Secondbec^'0fNBH   

DUMMY7^irdbec^0fNoH^   

— vuv, , ;  ^un*  Uulc  oi  Non-Zero  IkpOB  VaJues 
DUMMY'f^  

DUMMY-SuffibeciieofN^   

— 1V, , :  MvenIh  Uu|t  u(  Nwi _^ro  1RpoB  vajue_ 

DUMMY"EigMHDeciieofNo'n:Ze™   

BDH>W?^^   

—v,,:  tenth  Deal,  ul  i  W^.o  IRpOB  Values,  HighT 

Eifl+ESffS)  

Intercept  


R-Square 

NOTE:  (-statistics  are  shown  in  parentheses. 


0.602 
C2.35) 
''0.095'''' 
(9.63) 

"o.'oi'j"" 

(1.43) 
-0.001 
(-0.05) 
"'6'.'6'44" 
(2.44) 

"o.'oio"" 

(0.49) 
0.027 
(1.49) 
'"0.052"" 
(2.60) 
'''0052''' 
(2.88) 
0.115 
(6.25) 
'"0.T28"' 
(6.61) 
111" 
(9.66) 
0.234" 
(12.08) 
'""O.'02'i"" 
(0.75) 

'""i"ST" 

(817.30) 
0.52 
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VI.  Achieving  Medicare  Savings:  Incorporating  Measures  of  Hospital 
Efficiency  in  the  Calculation  of  PPS  Standardized  Payment  Rates1 

A.  Introduction 

Prior  research  on  hospital  efficiency  suggests  that  hospitals  can  be  ranked  by  their  level  of 
inefficiency  and  this  information  can  be  incorporated  into  hospital  rate  regulation  systems  such  as 
PPS  (Hadley  and  Zuckerman,  1994).   In  the  1980s,  the  Boren  Amendment  provided  a  rationale 
for  basing  payment  rates  for  hospitals  and  nursing  homes  on  the  costs  of  an  efficiently  operated 
institution.  Legislators  were  concerned  that  the  cost-based  reimbursement  systems  in  effect  at 
that  time  encouraged  inefficiency,  since  most  tended  to  simply  ratify  and  pass-through  most  costs 
incurred,  whether  inefficient  or  not. 

Unfortunately,  the  Boren  Amendment  neither  defines  efficiency  nor  prescribes  a  method 
for  identifying  efficient  providers.  The  underlying  tendency  is  to  define  efficiency  in  terms  of 
observed  costs  and  to  assume  that  high  costs  are  inefficient  relative  to  low  costs.  Thus,  for 
example,  Medicare's  PPS  bases  its  standardized  amount  on  the  average  observed  cost  of  a 
Medicare  case.  Obviously,  the  average  is  influenced  by  the  extent  of  inefficiency  in  the  system. 
Moreover,  choosing  a  different  point  on  the  distribution  of  average  observed  costs,  such  as  the 
median  or  the  25th  percentile,  does  not  necessarily  alter  the  implicit  influence  of  inefficiency.  In 
particular,  another  analysis  of  inefficiency  (Hadley,  Zuckerman,  and  Iezzoni,  1996)  found  that  the 
correlation  between  case-mix-adjusted  average  cost  per  Medicare  case  and  their  hospital-specific 
measure  of  inefficiency  was  only  0.44.  Thus,  choosing  a  lower  point  on  the  distribution  of 
average  observed  costs  for  the  purpose  of  calculating  a  standardized  amount  would  clearly  reduce 

'This  chapter  was  written  by  Jack  Hadley,  Margaret  B.  Sulvetta.  and  Ellen  Englert. 
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payment  levels  to  hospitals.  However,  it  would  not  unambiguously  exclude  inefficient  hospitals 
and  include  only  efficient  hospitals. 

This  analysis  has  two  goals.  The  first  is  to  build  upon  the  earlier  work  of  Zuckerman, 
Hadley,  and  Iezzoni  (1994)  to  estimate  an  updated  and  simpler  multiproduct  frontier  cost  model 
for  short-term  general  hospitals.  The  second  is  to  utilize  the  estimates  of  inefficiency  provided  by 
this  model  to  simulate  the  effects  on  Medicare  payments  to  hospitals  of  basing  the  PPS 
standardized  amounts  on  the  costs  of  relatively  more  efficient  hospitals.  In  principle,  one  could 
also  use  selected  cost  function  parameters,  such  as  the  coefficients  of  the  input  price  variables  or 
of  the  medical  education  variable,  as  parameters  of  the  payment  formula  as  well.  However,  in  the 
simulations  reported  below,  the  payment  formula's  adjustments  are  not  altered. 

Our  proposed  payment  reform  modifies  only  one  of  the  three  basic  components  of  the  PPS 
payment  methodology-  the  standardized  payment  rate.  Currently,  under  the  Medicare  PPS,  the 
standardized  payment  rate  is  calculated  by  averaging  the  adjusted  costs  of  all  hospitals  in  a  given 
category  (e.g.,  large  urban  hospitals  in  the  Northeast  region).  The  modification  to  this  approach, 
which  we  examine  here,  suggests  that  Medicare  should  recognize  only  the  costs  of  "efficient" 
hospitals  in  setting  a  standardized  payment  rate.  Therefore,  in  this  analysis  we  have  utilized  a 
stochastic  multiproduct  cost  function  approach  to  identify  hospital-specific  relative  levels  of 
inefficiency  for  nearly  5,000  hospitals.  We  then  set  various  alternative  thresholds  for  this 
inefficiency  measure,  based  on  the  percentile  distributions  of  the  measure.  The  costs  of  hospitals 
with  inefficiency  levels  above  the  selected  threshold  are  then  excluded  from  the  calculation  of  the 
standardized  payment  rate. 

Including  this  section,  we  have  organized  our  analysis  into  six  sections.  The  next  section 
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discusses  the  data  and  methods  utilized  in  our  simulation.  This  is  followed,  in  section  C,  by  a 
discussion  of  the  frontier  cost  model  we  use  to  estimate  hospital  efficiency.  That  section 
discusses  use  of  hospital  cost  models  in  hospital  payment  and  presents  the  empirical  specification 
of  and  results  from  our  multiproduct  cost  function  model.  Section  D  reports  the  distribution  of 
the  inefficiency  measure  from  our  cost  model  comparing  these  distributions  to  those  based  on 
average  cost  per  case.  This  section  identifies  the  cutoff  or  threshold  levels  for  inefficiency  and 
cost  per  case  used  to  categorize  hospitals  in  our  payment  simulation.  Section  E  describes  the 
payment  simulation  model  developed  to  display  the  aggregate  and  distributional  effects  of  our 
proposed  alternative  payment  system  and  present  the  results  of  the  payment  simulations.  Finally, 
section  F  presents  our  conclusions. 
B.  Simulation  Data  and  Methods 

To  estimate  the  effects  basing  the  PPS  standard  amount  on  average  costs  from  only 
efficient  rather  than  all  hospitals,  we  have  developed  a  method  for  simulating  the  standard 
amounts  and  payments  which  would  result  if  inefficient  hospitals'  costs  were  excluded  from  the 
payment  rate  calculation.  Our  method  aggregates  payments  for  all  hospital  services  (e.g., 
operating,  capital,  direct  medical  education)  into  one  prospective  system  based  on  the  operating 
PPS.  We  calculate  a  baseline  payment  rate  which  includes  the  costs  of  all  hospitals  and  follows  as 
closely  as  possible  the  procedures  used  by  HCFA  in  the  first  year  of  PPS.  We  differ  from  these 
procedures  only  to  compensate  for  the  limitations  of  our  data  or  to  reflect  current  Medicare 
payment  policy. 

The  alternative  policies,  follow  the  exact  same  methodology  used  to  calculate  the  baseline 
payment  rate  except  that  they  exclude  different  groups  of  "inefficient"  hospitals  from  the  payment 
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rate  calculation.  The  payments  made  under  these  alternative  approaches  can  then  be  compared  to 
those  under  the  baseline.   In  addition,  for  comparison  purposes,  we  have  also  simulated  the 
effects  of  excluding  hospitals  from  the  payment  rate  calculation  based  on  the  relative  level  of  their 
average  cost  per  case.  These  simulations  parallel  those  for  the  alternative  definitions  of 
"inefficiency"  except  that  hospitals'  costs  are  excluded  from  the  payment  rate  calculation  based  on 
the  hospital's  relative  level  of  cost  per  case,  rather  than  its  relative  level  of  inefficiency.  Thus, 
three  sets  of  simulated  payments  are  modeled:  1)  a  baseline  which  follows  as  closely  as  possible 
existing  Medicare  payment  policies;  2)  various  models  of  "inefficiency"  alternatives  which  exclude 
hospitals  from  the  rate  calculation  based  on  their  respective  level  of  inefficiency;  and  3)  various 
models  of  cost  alternatives  which  exclude  hospitals  from  the  rate  calculation  based  on  their 
respective  level  of  cost  per  case, 
i.  Data 

Several  types  of  data  are  necessary  for  our  simulations.  Data  on  hospital  costs  for 
Medicare  beneficiaries  is  necessary  for  the  calculation  of  standard  amounts.  As  noted  earlier,  our 
cost  data  comes  from  HCFA's  Hospital  Cost  Reporting  Information  System  (HCRIS)  for  the 
eighth  year  of  PPS.  From  this  data,  we  calculated  a  measure  of  Medicare  cost  per  discharge  for 
each  short  term,  general,  nonfederal  hospital.  This  measure  aggregates  operating,  capital,  and 
teaching  costs  for  each  hospital.2 

Information  on  the  mix  of  patients  receiving  care  in  a  hospital  is  also  necessary  for 
calculating  the  standard  amounts,  as  well  as  for  deriving  a  payment  for  the  hospital  from  those 


"The  development  of  this  data  is  described  in  detail  in  J.  Hadley,  M.  Sulvetta,  M.  Miller,  C.  Coelen,  "Methods 
Used  to  Construct  Estimates  of  the  Average  Cost  of  an  Inpatient  Discharge  for  all  Patients,  Medicare  Patients,  and  Non- 
Medicare  Patients".  Urban  Institute  Working  Paper  6375-02-01,  revised  April  1996. 
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standard  amounts.  As  described  above,  for  hospitals  in  nineteen  states,  actual  casemix  values 
were  calculated  based  on  discharge  data  provided  by  the  Codman  Research  Group,  while  for  all 
other  hospitals,  casemix  values  were  predicted  based  on  hospital  and  area  characteristics.3 

Finally,  several  hospital  and  area  characteristics  are  used  by  HCFA  in  both  the  calculation 
of  the  standard  amount  and  in  computing  payments.  The  necessary  hospital  characteristics  are  the 
disproportionate  share  percentage  and  the  intern  and  residents  to  bed  ratio.  The  area 
characteristics  are  the  geographic  wage  index  and  the  cost  of  living  index.  Hospital  discharge 
counts  are  needed  as  a  weight  and  to  calculate  a  hospital's  total  payment  amount.  All  of  these 
variables  come  from  the  HCRIS  file  for  the  eighth  year  of  PPS. 
H.  Calculating  Standardized  Payment  Amounts 
Baseline  Standard  Amounts 

Simulation  of  the  aggregate  and  distributional  effects  of  an  alternative  method  of 
calculating  a  standardized  payment  rate  necessarily  involves  examination  of  the  change  between 
the  alternative  and  the  existing  system.  Therefore,  prior  to  calculating  an  alternative  standardized 
payment  amount,  we  must  first  model  the  existing  method  of  calculating  those  rates,  constructing 
a  baseline  rate.  The  calculation  of  the  standard  amounts  in  our  simulation  follows  the  procedures 
used  by  HCFA  in  the  first  year  of  PPS.4 

In  the  first  year  of  PPS,  the  Health  Care  Financing  Administration  calculated  18  baseline 
regional  standard  payment  amounts.  There  was  an  urban  and  a  rural  amount  for  each  of  the  nine 


-This  process  is  described  in:  M.  Miller.  M.  Sulvetta.  and  E.  Englert,  "Derivation  of  Hospital  Casemix  Indices 
for  Medicare.  Non-Medicare  and  All  Payer  Admissions"  Urban  Institute  Working  Paper  6375-02-02.  March  1996.. 

4These  procedures  are  presented  in  the  Federal  Register  for  September  1 ,  1983. 
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census  regions.  Several  steps  were  involved  in  developing  these  amounts.  First,  average  cost  per 
case  was  calculated  for  each  hospital.  Second,  each  hospital's  average  was  standardized.  That  is. 
the  hospital's  average  was  divided  by  a  composite  measure  of  its  casemix  and  other  payment 
adjustments.  Lastly,  the  average  of  these  standardized  costs  per  case  was  calculated  for  the 
hospitals  in  each  size/regional  area.  The  average  for  an  area,  that  area's  regional  standard 
amount,  then  became  the  basis  for  payments  in  the  area.  In  subsequent  years,  HCFA  has  applied 
an  update  factor  to  the  original  standard  amounts,  instead  of  recalculating  the  standard  amounts 
each  year. 

In  order  to  replicate  this  approach,  we  first  divide  our  measure  of  cost  per  case  for  each 
hospital  by  that  hospital's  casemix  and  a  composite  measure  of  the  hospital's  disproportionate 
share  (DSH)  and  indirect  medical  education  (IME)  adjustments: 


Adjusted  Cost  =  (Cost  per  Case)/[Casemix*(  1+IME  Adj+DSH  Adj)] 


In  calculating  payments,  the  adjustment  for  differences  in  wages  across  areas  is  only  applied  to  the 
labor  portion  of  payments.  Similarly,  the  cost  of  living  adjustment  for  hospitals  in  Alaska  and 
Hawaii  is  only  applied  to  the  non-labor  portion  of  payments.  Thus,  the  labor  portion  (71.4%)  of 
the  adjusted  costs  calculated  above  is  reduced  by  the  Geographic  Wage  Index  (WI)  and  added  to 
the  non-labor  portion  (28.6%)  which  is  reduced  by  the  Cost  of  Living  Index  (COLA).5  The 
resulting  amount  is  the  hospital's  standardized  cost  per  case: 


The  labor/non-labor  shares  utilized  here  reflect  current  policy.  In  the  initial  vear  of  PPS  these  percentages 
were  79.15  and  20.85,  respectively. 

g:/6375/lsim.wp  VI-6 


Standardized  Com  per  Case  ,  Adjas.ed  Co,,  -  7U„VVI,  ♦  Adjust  Cos,..286/,COU, 

Originally,  these  hospital  speeific  amounts  were  averaged  across  hospitals  for  each  of  !8 
geographic  areas,  an  urban  and  a  rural  amoun,  for  each  of  the  nine  census  regton,  Since  that 
time,  HCFA  has  modifted  the  classif.cation  system  for  areas  in  several  ways.  In  1988.  HCFA 
dtvded  urban  hosp,tals  into  large  urban  hospitals,  those  located  ,„  Metropolitan  Statistical  Areas 
wtth  greater  than  1  million  people,  and  other  urban  hospitals.  Thus,  there  were  27  standard 
amounts.'  In  addnion.  over  time  the  update  factor  for  rural  hospitals  has  been  adjusted  so  that  the 
standard  amount  for  these  hospitals  is  now  equal  to  that  for  other  urban  hospitals.  Lastly,  HCFA 
has  begun  to  phase  ou,  distinctions  in  the  standard  amoun,  based  on  census  region.  Current 
policy  requ.es  that  a  hospi.aPs  regiona!  standard  amoun,  be  compared  w„h  the  national  standard 
amoun,  for  a  geographic  area  of  its  s^e  (i.e.,  rural,  o.her  urban,  or  large  urban,.  If  the  regiona, 
standard  amoun,  is  less  than  the  national  amoun,,  the  hospi.al  is  paid  based  on  the  national 
amount.  Otherwise,  the  hospital  is  paid  based  on  15%  of  the  regional  amoun,  plus  SS%  of  ,he 
national  standard  amount.7 

To  reflect  curren,  policy,  in  our  stmulations,  we  calculate  two  national  standard  amounts, 
large  and  other  urban,  and  ,8  regiona,  amounts,  large  and  o.her  urban  for  each  of  the  nine  census 
regions.  These  amounts  are  wetghted  averages  of  the  standardized  cost  per  cose  for  the 
appropriate  subset  of  the  hospitals  in  the  given  size/regtonal  area.  Costs  for  rural  hospitals  are 
no,  used  to  calculate  any  of  the  standard  amounts.  The  nauonal  and  reg.onal  amounts  calculated 


"The  addition  of  the  large  urban  area  designation  is  a„„o»„e,d  ,„  the  Federal  RP.t„„  ,„r  September  30.  1988. 
'See  the  fi&raU^  for  September  1 .  1 995  fo,  a  deseripuor,  of  HCFA',  curren,  FY96  parent  petes. 
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for  other  urban  ho.puals  are  applied  ,o  rural  hospitals  to  reflee,  the  current  pohey  of  paying  these 
two  types  of  hospitals  the  other  urban  rate. 

Once  national  and  regional  standard  amounts  have  been  calculated,  we  replicate  current 
policy  by  paying  hosp.tals  based  on  other  100%  of  the  national  amount  or  a  blend  of  15%  of  the 
regional  amount  and  85%  of  the  national  amount.  For  the  baseline  suction,  all  hospitals  in  the 
given  size/region  are  included  in  the  calculation  of  the  standard  amount. 

Table  VI- 1  compares  the  national  standard  amounts  from  the  Baseline  simulation  with  the 
actual  standard  amounts  upon  which  HCFA  based  its  FY91  payments.  The  simulated  amounts 
are  cons.derably  higher  than  the  actual,  however  the  majority  of  the  difference  is  explained  by 
contrasting  the  components  of  our  payment  system  with  those  in  place  in  1991.  First,  our 
measure  of  cost  contains  operating,  capital,  and  teaching  expenditures.  PPS  standard  amounts  in 
1991  paid  for  operating  and  indirect  teaching  expenditures  only.  Second,  no  adjustments  for 
outliers  is  made  to  our  standard  amount,  whereas  HCFA  typically  reduces  the  standard  amount  in 
a  given  year  by  about  5.5  percent  to  compensate  for  outlier  payments.  Lastly,  our  caserrux 
measure  and  HCFA's.  although  highly  correlated,  are  based  on  different  scales.  Thus,  the 
multiple  applied  to  the  standard  amount  under  the  actual  payment  system  is  much  higher  than  that 
applied  in  our  simulation.  Once  these  differences  have  been  adjusted  for,  our  simulated  standard 
amounts  are  comparable  to  the  actual  amounts  used  in  1991. 
Alternative  Standard  Amounts 

The  methodology  used  to  calculate  the  standard  amounts  for  our  proposed  alternative  to 
the  existing  system  is  exactly  the  same  as  that  described  above  for  the  derivation  of  baseline 
standardized  payment  amounts,  with  one  exception.  The  only  difference  between  the  two  is  that 
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in  our  proposed  alternative  system,  only  the  costs  of  "efficient"  hospitals  are  included  in  the 
calculation  of  payment  rates.  That  is,  conversely,  inefficient  hospitals'  costs  are  excluded  from 
the  calculation  of  baseline  payment  rates. 

Four  separate  simulations  were  completed,  with  each  reflecting  a  different  subset  of 
hospitals  included  in  the  calculation  of  the  standardized  payment  rate.  Thus,  in  the  simulates, 
only  the  most  efficient  90,  75,  50,  or  25  percent  of  hospitals,  respectively,  in  an  area  of  a  given 
size  (i.e.,  other  or  large  urban),  is  included  in  the  calculation. 

For  comparison  purposes,  we  have  also  simulated  the  effects  of  excluding  hospitals  from 
the  calculation  of  the  standardized  payment  rate  based  on  their  level  of  average  casemix  adjusted 
cost  per  case  rather  than  their  level  of  estimated  efficiency.  The  current  Medicare  reimbursement 
amount  is  based  on  the  mean  cost  per  case  across  all  hospitals  in  a  given  category  (large  urban  or 
other  urban).  These  alternative  assumptions  explore  the  effects  of  arbitrarily  setting  the  rate  at  a 
different  point  in  the  cost  per  case  distribution.  Four  simulations  are  run  along  parallel  lines  to 
those  examined  for  the  efficiency  approach  to  calculating  payment  amounts,  by  including  only  the 
90.  75.  50.  and  25  percent  of  hospitals,  respectively,  with  the  lowest  casemix-adjusted  cost  per 
discharge  in  an  area  of  the  given  size  in  the  rate  calculation.8 
iii.  Calculating  Payments  to  Hospitals 

Once  the  appropriate  standard  amount  for  a  hospital  has  been  derived,  calculating  a 
hospital's  simulated  Medicare  payments  is  straightforward.  The  labor  portion  of  the  hospital's 
standard  amount  is  multiplied  by  the  geographic  wage  index.  The  non-labor  portion  is  multiplied 


-n,  a  I731"6  Vi:2'  diSP,'ayS  thE  dehmjtin?  values  of  efficiency  measure  for  the  three  sizes  of  geographic  areas 
The  distribution  of  hospitals  based  on  efficiency  is  comparable  for  all  areas 
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by  the  cost  of  living  index.  Then,  the  sum  of  these  two  components  is  adjusted  for  the  hospital's 
casemix.  number  of  discharges,  and  its  teaching  and  disproportionate  share  status.  The  result  is 
the  hospital's  simulated  total  payments  for  the  year: 

Total  Payment=Stand.  Amount*[.714*WI  +  .286*  COLA]*Casemix*(l+IME  Adj+DSH  Adj)*Discharges 

This  simulated  payment  amount  represents  payment  for  all  Medicare  services  provided  by 
the  hospital.  That  is,  it  includes  operating,  capital,  outlier,  and  indirect  and  direct  medical 
education  payments. 

C.  The  Use  of  Hospital  Cost  Models  in  Hospital  Payment 
i.  "Policy"  Models  of  Hospital  Costs 

One  of  the  historical  foundations  of  Medicare's  PPS  is  work  done  by  HCFA  researchers 
on  the  relationship  between  the  average  cost  of  hospitals'  Medicare  discharges  and  their  Medicare 
case-mix-index  (MCMI)  values  (Pettingill  and  Vertrees,  1982;  Cotterill,  Bobula,  and  Connerton, 
1986).  This  research  sought  to  evaluate  and  validate  the  use  of  the  MCMI  as  an  adjustment 
factor  in  the  formula  proposed  and  used  by  PPS  to  pay  hospitals.  Both  studies  estimated  the  same 
model,  one  with  data  for  1978/79  and  the  other  with  data  for  1981.  (Table  VI-3  summarizes  the 
estimated  models.) 

In  both  cases,  one  of  the  key  issues  was  whether  the  parameter  of  the  MCMI  was 
significantly  different  from  1.0.  (Given  the  double  -log  nature  of  the  specification,  a  parameter 
value  of  1 .0  implies  that  the  average  cost  of  a  Medicare  case  increases  proportionately  with  the 
value  of  the  MCMI,  which  was  one  of  the  properties  desired  for  the  MCMI.)  In  both  cases,  the 
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null  hypothesis  was  not  rejected,  and  these  results  were  used  to  justify  the  incorporation  of  the 
MCMI.  which  was  a  relatively  new  concept  at  the  time,  into  the  PPS  formula. 

In  addition,  both  models  suggest  that  the  average  cost  of  a  Medicare  case  increases 
proportionately  with  the  price  of  labor,  increases  with  hospital  size  (beds)  and  teaching  intensity, 
and  also  varies  with  the  size  of  the  community  in  which  the  hospital  is  located.  (Rural  hospitals 
and  hospitals  in  small  cities  have  similar  costs,  while  hospitals  in  medium  size  and  large  cities  have 
significantly  higher  costs.) 

Although  these  and  other  "policy"  models  of  hospital  costs,  such  as  that  used  by  the 
Congressional  Budget  Office  to  assess  the  disproportionate  share  adjustment  in  PPS  (CBO, 
1990),  serve  a  purpose,  it  is  widely  recognized  that  these  models  incorporate  essentially  arbitrary 
specifications.  In  this  context,  arbitrary  means  that  the  specification  of  variables  is  not  derived 
from  an  underlying  conceptual  model  that  is  generally  accepted  as  a  reasonable  approximation  of 
the  behavior  under  investigation.  In  this  case,  that  behavior  is  the  way  in  which  hospitals  combine 
inputs  (clinical  staff,  administrative  staff,  support  staff,  capital  equipment,  supplies,  etc.)  to 
produce  outputs,  i.e.,  care  to  patients. 

In  particular,  these  policy  models  ignore  a  number  of  potentially  important  factors.  First, 
hospitals  produce  multiple  outputs.  Second,  the  production  of  multiple  outputs  is  usually 
associated  with  joint  production  costs,  which,  in  turn,  invalidate  standard  accounting  approaches 
to  allocating  costs  among  different  types  of  patients.  Third,  there  may  be  both  economies  and 
diseconomies  of  scale  over  various  parts  of  the  size  distribution  of  hospitals.  Fourth,  the  effects 
of  variations  in  the  costs  of  inputs  other  than  labor  are  ignored.  Fifth,  the  specifications  used  in 
the  past  include  a  fixed  input,  beds,  and  an  unconventional  measure  of  teaching/education  output. 
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the  logarithm  of  ( 1  +the  number  of  interns  and  residents  per  bed).  Finally,  the  past  models  also 
included  an  arbitrary  set  of  dummy  variables  to  represent  location  in  different  size  communities. 
Presumably,  the  intent  of  these  variables  was  to  control  for  omitted  or  unobservable  factors  that 
ought  to  have  been  included  in  the  model. 

As  has  been  shown  elsewhere,  the  fundamental  problem  with  arbitrary  specifications  is 
that  they  can  be  criticized  on  the  grounds  that  the  results  are  sensitive  to  the  particular 
specification  used.  For  example.  Anderson  and  Lave  (1986)  demonstrated  that  the  estimated 
impact  of  the  teaching  variable  ranged  from  0.47  to  0.81,  depending  on  the  specification  of  the 
other  variables  in  the  model.  If  the  model's  specification  is  arbitrary,  then  it  makes  it  difficult  to 
justify  the  validity  of  the  estimated  parameters.  Finally,  none  of  the  policy  models  estimated  to 
date  have  addressed  explicitly  the  issue  of  hospital  inefficiency  and  its  impact  on  either  costs  or 
the  parameters  of  the  cost  model. 

ii.  The  Stochastic  Multiproduct  Frontier  Cost  Function 

Economic  theory  (Shephard,  1953,  Nerlove,  1963)  demonstrates  that  a  cost  function  can 
be  formally  derived  as  the  "dual"  of  a  production  function,  i.e.,  the  technical  relationship  between 
inputs  (labor  and  capital)  and  the  outputs  produced  by  the  firm.  For  a  firm  which  produces 
multiple  outputs,  such  as  a  hospital,  the  cost  function  has  the  general  form 


(1)  TC  =  TC(Qr  Wk) 
TC  =  total  costs, 
Qj  =  1,...,J  outputs,  and 
Wk  =  1  K  input  prices. 

g:/6375/lsim.wp  VI- 12 


In  its  most  parsimonious  form,  the  cost  function  is  simply  a  relationship  between  total  costs,  the 
volume  and  mix  of  outputs,  and  the  input  prices  faced  by  the  firm.  Other  factors,  such  as  actual 
input  levels  and  the  firm's  location,  are  extraneous.  The  key  features  of  the  market  (location)  in 
which  the  firm  finds  itself  are  summarized  by  the  outputs  and  input  prices. 

Normally,  empirical  applications  assume  that  measures  of  costs,  outputs,  and  input  prices 
are  observed  with  error  and/or  random  factors  may  cause  the  observed  relationship  to  deviate 
from  the  technical  relationship  represented  by  equation  (1).  This  error  term  is  usually  assumed  to 
be  normally  distributed  with  a  mean  of  0  and  a  variance  of  o. 

The  stochastic  frontier  cost  function  hypothesizes  that  a  second  factor,  namely 
inefficiency,  also  causes  observed  costs  to  deviate  from  the  underlying  minimum  feasible  costs,  as 
governed  by  the  technical  relationship,  associated  with  each  combination  of  outputs  and  inputs 
prices.  Generally,  this  model  of  total  costs  (TC)  can  be  written  as: 

(2)  TC  =  TC(Qr  Wk)+V+U 

V  is  a  normally  distributed  random  error  with  zero  mean  and  variance  oy .  The  inefficiency  term. 
U,  is  assumed  to  be  positive  and,  in  the  application  presented  here,  is  distributed  so  that  its 
absolute  value  is  normal  with  zero  mean  and  variance  ov:.  We  assume  that  the  total  cost  function 
takes  the  translog  form,  which  has  been  shown  to  be  a  good  approximation  of  a  flexible  functional 
form  (Christensen  and  Greene,  1976). 
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TC(Q.W)  =  log  TC  =  a0  +  2a,  log  Qi  +  Spk  log  Wk 

+    I I  5ji  log  q  log  Q, 
+  1/2  Z  ZY  km  log  Wk  log  Wm 
+  Z  Z  p|k  log  Q,  Wk 

Economic  theory  also  requires  that  the  cost  function  be  homogeneous  of  degree  one  with 
respect  to  the  input  prices,  i.e.,  a  proportional  increase  in  all  of  the  input  prices  should  increase 
total  costs  by  the  same  proportion.  Christensen  and  Greene  (1976)  show  that  this  requires 
imposing  the  following  restrictions  on  the  cost  function  parameters. 

spk=i 

Zp|k  =  0 

iii.  Empirical  Specification  of  the  Cost  Function  Model 
Variables 

One  of  the  key  challenges  of  estimating  a  hospital  cost  function  is  defining  and  measuring 
the  hospital's  outputs.  Previous  research  has  used  various  combinations  of  inpatient  discharges 
(by  type  of  service,  by  payment  source),  inpatient  days,  and  outpatient  services  as  the  basic 
hospital  outputs,  modified  by  a  variety  of  "descriptors"  of  the  characteristics  of  the  basic  outputs. 
Moreover,  from  a  practical  perspective,  even  if  one  could  measure  all  of  a  hospital's  outputs, 
there  are  simply  too  many  to  incorporate  in  a  statistical  estimation. 

For  the  purpose  of  estimating  hospital  inefficiency,  however,  the  inability  to  specify  and 
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measure  all  of  the  hospital's  outputs  may  not  be  a  severe  limitation.  The  study  by  Zuckerman. 
Hadley,  and  lezzon,  (1994  )  found  that  adding  a  fairly  long  list  of  output  descriptors,  such  as 
measures  of  the  hospital's  technical  capacity  and  fairly  detailed  patient  characteristics,  did  not 
appreciably  alter  the  correlations  among  the  measures  of  hospital-specific  inefficiency.  In 
particular,  the  correlates  among  the  alternative  measures  was  quite  high:  0.82  between  the  most 
parsimonious  specification  and  the  most  fully  specified  model,  and  0.96  between  the  intermediate 
model  and  the  most  fully  specified  model.  (One  model  included  only  the  output  and  input 
variables;  the  intermed.ate  model  included  other  routinely  available  hospital  characteristics;  and 
the  fully  specified  model  included  Medicare  patient  characteristics  computed  from  individual 
discharge  data.)  What  did  change  was  the  estimate  of  the  average  level  of  inefficiency,  which 
fell  from  0.188  to  0.134.  (Average  inefficiency  in  the  most  comprehensive  model  was  actually 
slightly  higher,  0.136.) 

Since  the  main  objective  of  this  exercise  is  to  rank  or  order  hospitals  by  their  degree  of 
inefficiency,  as  opposed  to  calculating  product-specific  marginal  costs  or  estimating  specific 
parameters  to  be  used  in  the  PPS  formula,  a  second  consideration  in  specifying  the  model  is  to 
keep  the  specification  relatively  simple  so  that  it  can  be  estimated  with  routinely  available  data  for 
as  large  a  sample  of  hospitals  as  possible.  Accordingly,  the  cost  model  estimated  has  only  two 
outputs.  Medicare  and  nonMedicare  inpatient  discharges,  and  two  output  descriptors,  the 
Medicare  case-mix-index  and  a  case-mix- index  for  nonMedicare  cases. 

The  first  three  variables  are  routinely  available  to  HCFA.  The  case-mix-variable  for 
nonMed.care  cases  is  a  composite  variable  which  was  (1)  directly  calculated  from  individual 
discharge  data  (using  HCFA's  DRG  grouper)  for  hospitals  located  in  nineteen  states  which  make 
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available  data  for  100%  of  the  discharges  in  their  state,  or  (2)  imputed  for  hospitals  in  other  states 
based  on  a  regression  model  estimated  with  the  observed  nonMedicare  case-mix-index  as  the 
dependent  variable  and  a  variety  of  hospital  and  market  characteristics  as  independent  variables 
(Miller,  Sulvetta,  et  al.,  1996).  The  regression  model  explained  82  percent  of  the  variation  in  the 
nonMedicare  case-mix-index.  Although  this  nonMedicare  case-mix-index  does  not  seem  to  have 
desirable  properties  for  use  as  a  payment  adjuster  for  nonMedicare  cases  (Coelen  et  al.,  1996),  it 
is  probably  adequate  as  a  parsimonious  summary  of  variations  across  hospitals  in  the  mix  of 
nonMedicare  cases  they  treat. 

A  second  unique  feature  of  the  cost  model  estimated  is  that  the  dependent  variable  is  total 
inpatient  hospital  costs,  rather  than  the  total  costs  of  the  institution,  which,  for  most  hospitals, 
includes  an  outpatient  department  and  possible  other  services  such  as  long  term  care,  emergency 
care,  swing-bed  care,  or  rehabilitation  care.  Consequently,  the  output  variables  in  the  model  are 
limited  to  the  inpatient  setting.9 

Existing  hospital  data  sets  do  not  report  inpatient  hospital  costs  per  se,  in  part  because  of 
the  difficulties  noted  above  of  allocating  joint  costs  to  distinct  outputs.  The  measure  used  in  this 
analysis  was  constructed  using  a  measure  described  in  Hadley  et  al.  (1996).  The  goal  of  this 
methodology  was  to  generate  an  estimate  of  inpatient  cost  per  case  from  data  reported  to  HCFA 
on  the  Hospital  Cost  Report  Information  System  (HCRIS),  which  could  be  used  in  an  all-payer 
hospital  rate  setting  system. 


For  the  purpose  of  estimation  using  data  that  are  routinely  available,  the  dependent  variable  would  be  defined 
as  total  institutional  costs,  and  the  outputs  would  include  measures  of  outpatient  services  and  other  inpatient  services 
(long-term  care,  swing-bed,  rehabilitation)  which  were  excluded  for  this  study.  One  could  then  explore  whether  the 
ranking  of  hospitals  by  level  of  inefficiency  is  affected  appreciably. 
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Following  Zuckerman.  Hadley,  and  Iezzoni  (1994).  the  cost  function  specifies  two  input 
prices,  the  average  annual  salary  per  full-time-equivalent  (FTE)  employee  and  average  interest  and 
depreciation  expenditures  per  bed.  The  former  is  a  conventional  measure  of  the  price  of  labor. 
The  latter  is  hypothesized  to  be  a  reasonable  proxy  for  the  price  of  capital,  which  incorporates 
both  the  cost  of  borrowing  and  the  opportunity  cost  of  funds  tied  up  in  fixed  capital  assets. 
Interest  and  depreciation  expenses  imperfectly  capture  these  concepts;  the  number  of  hospital 
beds  is  used  as  a  proxy  for  the  hospital's  total  stock  of  capital,  measured  in  bed-equivalent  units. 

Data  available  from  hospital  surveys  reflect  expenditures  for  labor  and  capital.  As  such, 
they  are  the  product  of  input  prices  multiplied  by  the  quantities  of  labor  and  capital  actually 
employed  by  the  hospital.  While  it  is  reasonable  to  assume  that  the  input  prices  themselves  are 
exogenous,  the  quantities  of  the  inputs  employed  clearly  are  not,  since  they  reflect  the  hospital's 
own  decisions.  In  order  to  adjust  for  this  possible  source  of  bias,  the  cost  model  employs 
instrumental  variable  estimates  of  the  input  price  variables.  The  instruments  were  constructed  by 
regressing  observed,  hospital-specific  values  of  average  annual  salary  per  FTE  employee  and 
average  annual  interest  and  depreciation  expense  per  bed  against  sets  of  dummy  variables 
representing  community  type  (rural  or  metropolitan  area,  by  size),  census  division,  ownership,  and 
teaching  status,  and  the  size  ranking  of  the  hospital's  city  if  located  in  one  of  the  100  largest 
cities.  (See  Table  VI-4) 

Since  the  two  instruments  are  derived  from  the  same  model,  the  actual  labor  price  variable 
used  in  the  regression  model  was  constructed  by  multiplying  the  wage  index  used  by  HCFA  in  the 
1991  PPS  formula  times  the  mean  value  of  the  instrumental  variable  estimate  of  salary  per  FTE. 
The  rationale  for  this  approach  was  to  reduce  the  correlation  between  the  two  instrumental 
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variables.  If  a  mult,  product  cost  model  such  as  this  one  were  to  be  actually  used  in  hospital 
payment,  then  it  would  probably  be  advisable  to  collect  better  measures  of  the  input  prices 
actually  faced  by  hospitals  in  different  locations. 

The  final  variable  included  in  the  cost  model  is  a  measure  of  the  hospital's 
teach.ng/med.ca.  education  output.  It  has  long  been  recognized  that  hospitals  which  train  medical 
students,  interns,  residents,  and  other  health  professionals  have  higher  costs  than  hospitals  which 
do  not.  Rather  than  penahze  hospitals  for  the  extra  costs  incurred  because  of  teaching,  HCFA 
built  into  the  PPS  formula  an  adjustment  for  the  "indirect"  costs  of  graduate  medical  education 
(GME).  Although  there  are  alternative  approaches  to  measuring  this  educational  output  and 
incorporating  it  into  the  cost  function,  this  specification  follows  HCFA's  approach  by  defining  the 
GME  output  variable  as  the  natural  logarithm  of  ( 1  +the  ratio  of  interns  and  residents  to  beds). 
This  variable,  which  was  supplied  by  HCFA,  is  the  one  used  in  the  PPS  payment  formula  and  is 
based  on  the  number  of  interns  and  residents  in  approved  training  programs. 
Data  Sources  And  Empirical  Estimation 

The  data  used  to  estimate  the  frontier  cost  function  model  were  described  in  a  previous 
section.  Briefly,  the  basic  data  set  was  the  PPS-VIII  minimum  data  set,  which  includes  hospitals' 
1991  fiscal  years.  In  reality,  not  all  hospitals  actually  report  data  for  1991,  nor  do  all  hospitals 
report  data  for  twelve  months.  Therefore,  an  editing  process  was  undertaken,  which  involved 
searching  both  past  PPS  minimum  data  sets  and  AHA  Annual  Surveys  for  the  purpose  of 
identifying  data  for  the  correct  time  period,  adjusting  for  differences  in  reporting  length  and 
reporting  period,  and  substituting  for  implausible  values  of  both  the  numbers  of  discharges  and/or 
the  average  cost  per  discharge,  for  both  Medicare  and  nonMedicare  cases.  (See  Hadley  et  al., 
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1996.  for  more  details.) 

The  data  set  produced  by  this  process  contained  5,423  short-term,  general,  nonfederal 
hospitals  with  information  on  the  numbers  of  Medicare  and  nonMedicare  discharges  and  the 
average  inpatient  hospital  cost  per  case  for  both  Medicare  and  nonMedicare  discharges.  For  a 
number  of  these  hospitals,  values  of  these  variables  had  been  imputed  using  various  regression 
models  (See  Had.ey  et  al,  1996.  for  details).  A  number  of  hospitals  were  also  missing  information 
on  their  location  or  had  hospital  identifiers  that  could  not  be  matched  with  standard  AHA  or 
HCRIS  data  files.  As  a  result,  the  universe  file  used  for  this  analysis  included  only  5,221 
hospitals,  of  which  223  did  not  have  sufficient  information  to  construct  the  instrumental  variable 
estimates  of  the  input  price  variables.  Values  of  these  variables  were  imputed,  based  on  hospital 


size. 


The  frontier  cost  model  was  estimated  using  the  LIMDEP  statistical  software  package. 
As  noted  in  the  documentation  for  the  frontier  routine,  successful  estimation  of  the  program  is 
sensitive  to  both  model  specification  and  the  quauty  of  the  data.  Although  the  model  could  be 
estimated  using  the  ordinary  least  squares  routine,  frontier  estimation  was  not  successful  with  the 
mil  set  of  5,221  hospitals.  The  fronfier  estimates  are  based  on  a  sample  of  4,814  hospitals,  which 
excludes  the  223  (4.3%)  hospitals  that  had  imputed  values  of  the  instrumental  input  price 
variables,  and  another  184  (3.5%)  hospitals  were  either  above  the  99th  percentile  or  below  the  1st 
percentile  of  the  distributions  of  either  the  average  cost  of  a  Medicare  case  or  the  average  cost  of 
a  nonMedicare  case.  Finally,  the  data  were  weighted  by  the  square  root  of  the  number  of  beds  to 
correct  for  the  effects  of  heteroskedasticity,  since  the  distribution  of  the  OLS  residuals  clearly 
indicated  that  the  variance  of  the  residual  was  inversely  related  to  hospital 


size. 
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Although  the  cost  model  is  estimated  with  less  than  the  universe  of  all  hospitals,  it  should 
be  noted  that  the  number  of  cases  available  exceeds  the  number  of  hospitals  (approximately 
4,450)  used  by  the  Prospective  Payment  Assessment  Commission  in  its  calculations  of  the 
distributions  of  PPS  payments  across  different  types  of  hospitals.  Moreover,  for  the  purpose  of 
calculating  the  standardized  amount  used  in  the  PPS  formula,  it  is  unlikely  that  the  small  number 
of  omitted  hospitals  are  sufficiently  different  from  the  included  hospitals  that  the  standardized 
amount  would  be  significantly  affected.  In  other  words,  as  long  as  the  omitted  hospitals  are  not 
disproportionately  efficient  or  inefficient,  then  the  standardized  amount  should  not  be  significantly 
affected. 

Table  VI-5  reports  selected  characteristics  of  the  omitted  and  included  hospitals.  The 
omitted  hospitals  appear  to  have  fewer  discharges,  but  higher  total  costs.  The  input  price 
variables  and  case-mix-index  values  appear  to  be  comparable.  Obviously,  if  the  cost  function 
approach  were  to  be  used  in  the  actual  payment  process,  it  is  reasonable  to  assume  that  better 
data  would  be  collected  for  the  necessary  variables  and  that  the  cost  model  would  be  estimated 
with  close  to  the  universe  of  all  eligible  hospitals, 
iv.  Empirical  Results  of  the  Cost  Function  Model 

Table  VI-6  reports  the  means  and  standard  deviations  of  both  the  variables  in  the  cost 
function  specification,  which  represent  interaction  and  cross-product  terms  of  logarithmic 
transformations  of  the  underlying  variables,  and  the  underlying  variables  themselves.  Note  that 
the  model's  variables  incorporate  the  parameter  restrictions  described  above.  A  second  important 
element  of  the  specification  is  that  the  outputs  are  defined  as  case-mix-adjusted  outputs.  In  other 
words,  each  output  variable  in  the  model  is  the  product  of  the  case-mix-index  times  the  number  of 
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discharges.10  Implicitly,  this  approach  assumes  that  a  change  in  case-mix  with  the  number  of 
cases  held  constant  has  the  same  impact  on  costs  as  a  change  in  the  number  of  cases  with  case- 
mix  held  constant. 

Table  VI-7  reports  the  parameter  estimates  of  the  standard  and  frontier  cost  functions. 
Generally,  the  key  parameters  have  the  correct  signs  and  plausible  values.  The  model  explains  a 
very  high  proportion  of  the  variation  in  hospitals's  expenses  and  the  key  parameter  values  are 
highly  significant.  The  input  price  coefficients  imply  that  a  10  percent  increase  in  the  price  of 
labor  increases  total  costs  by  about  6.0  percent;  and,  by  construction,  a  similar  increase  in  the 
price  of  capital  would  raise  costs  by  4.0  percent.  Finally,  teaching  intensity  has  a  positive  and 
statistically  significant  effect,  although  it  appears  to  be  smaller  in  magnitude  than  estimated  in 
previous  models. 

As  an  indirect  test  of  the  plausibility  of  the  specification  and  parameter  estimates  of  the 
total  cost  function,  we  also  estimated  a  multi  product  average  cost  function  for  Medicare  cases  as 
an  extension  of  the  policy  model  specification  initially  used  in  constructing  the  PPS  formula.  The 
underlying  dependent  variable  is  total  Medicare  inpatient  costs,  which  is  converted  to  the  average 
cost  of  a  Medicare  case  by  dividing  both  sides  of  the  equation  by  the  number  of  Medicare  cases. 
This  alters  the  right  hand  side  of  the  equation  by  replacing  ln(CM*QM)  by  separate  measures  of 
InCM  and  InQM,  with  the  estimated  parameter  of  the  latter  variable  defined  as  (a,-l ).  The  key 
finding  of  this  estimation  is  that  the  parameter  of  the  Medicare  case-mix-index  is  virtually  identical 


An  alternative  specification  treated  the  case-mix-index  variables  as  fixed  intercept  adjusters  In  effect  this 
approach  treats  case-mix  as  an  indicator  of  the  hospital's  technical  capacity  and  allows  changes  in  case-mix  and  changes 
in  output  volume  to  have  different  impacts  on  costs.  Although  estimation  of  this  model  by  ordinary  least  squares 
produced  reasonable  parameter  estimates,  LDvIDEP's  frontier  estimator  was  unable  to  fit  the  frontier  function 
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to  1.00.  as  desired,  which  reinforces  the  plausibility  of  the  underlying  model." 

Hospital-specific  inefficiency  is  derived  from  the  value  of  the  inefficiency  error  term.  U, 
and  may  be  thought  of  as  the  deviation  of  a  hospital's  actual  costs  from  the  theoretical  minimum 
for  its  level  of  outputs  and  input  prices  (after  allowing  for  random  fluctuations  in  costs).  This 
term  is  expressed  as  a  percentage  of  observed  costs.  Overall,  the  average  level  of  inefficiency 
across  all  hospitals  was  estimated  to  be  13  percent  in  1991.  This  is  slightly  lower  than  the 
estimate  of  13.6  percent  found  by  Zuckerman,  Hadley,  and  Iezzoni  (1994)  using  data  for  1989  for 
a  sample  of  hospitals.  However,  since  the  earlier  study  used  a  much  more  comprehensive 
specification  of  independent  variables,  the  similarity  of  the  estimates,  given  that  they  are  only  two 
years  apart,  further  supports  the  validity  of  the  much  more  parsimonious  model  used  here. 

The  remainder  of  this  report  presents  simulations  of  the  effects  on  the  level  and 
distributions  of  PPS  payments  to  hospitals  of  alternative  rules  for  excluding  relatively  more 
inefficient  hospitals  from  the  set  used  to  calculate  the  average  standardized  amount  for  the 
Medicare  cost  per  case.  From  a  purely  statistical  perspective,  however,  the  results  of  the  cost 
function  estimation  are  quite  encouraging.  They  suggest  that  a  stochastic  multi  product  frontier 
cost  function  can  be  estimated  with  data  which,  with  one  exception,  are  routinely  available. 
Moreover,  this  specification  of  the  cost  function  has  desirable  theoretical  properties  and  seems  to 
produce  plausible  empirical  estimates.  If  this  approach  were  to  become  a  formal  pan  of  the  rate 
setting  process,  it  would  be  desirable  to  collect  and  construct  a  case-mix- index  measure  for 
nonMedicare  patients  and  also  to  collect  better  data  on  the  prices  hospitals  face  for  their  inputs. 


A  similar  average  cost  model  was  also  estimated  for  nonMedicare  cases.  Consistent  with  Coelen's  earlier 
finding,  the  coefficient  of  the  nonMedicare  case-rrux-index  was  only  0.65,  significantly  less  than  1.0. 
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The  following  section  presents  the  results  of  our  analysis.  First,  we  present  descriptive 
tables  which  include  the  standardized  payment  amounts  calculated  under  alternative  assumptions 
regarding  relative  levels  of  efficiency  and  average  cost  per  case.  These  tables  also  display  the 
distribution  of  hospitals  by  efficiency  level  and  relative  average  cost  per  case,  according  to  various 
hospital  and  market  level  characteristics.  Then  we  present  the  results  of  our  simulation  model. 
The  model  displays  the  aggregate  and  distributional  effects  of  adopting  alternative  methods  of 
calculating  standardized  payment  amounts.  Two  models  are  included.  The  first  compares 
payments  based  on  our  replication  of  the  actual  Medicare  payment  system  with  payments  under 
two  alternative  systems  (i.e.,  those  systems  which  set  the  standardized  payment  rates  by  including 
in  the  calculation  of  the  standardized  payment  rates,  only  the  costs  of  hospitals  with  specified 
levels  of  :a)  efficiency;  or  b)  average  cost  per  case).  A  second  set  of  simulations  displays  the 
aggregate  and  distributional  effects  of  these  alternative  systems  relative  to  baseline  total  facility 
costs  rather  than  baseline  Medicare  payments. 
D.  Descriptive  Results  of  Hospital  Categorization 

As  noted  above,  we  used  the  hospital-specific  measures  of  inefficiency  to  calculate  the 
25th,  50th,  75th  and  90th  percentile  levels  of  inefficiency  for  all  hospitals  combined,  and 
separately  for  large  urban,  other  urban  and  rural  hospitals.  Similar  calculations  were  performed 
grouping  hospitals  according  to  their  casemix  adjusted  average  Medicare  cost  per  case.  Table  VI- 
2  presents  the  cutoff  points  determined  through  that  process, 
i.  Defining  Categories  of  Efficiency  and  Average  Cost  Per  Case 

As  noted  above,  the  mean  level  of  inefficiency  for  the  4,814  hospitals  included  in  the 
frontier  cost  function  model  was  0. 131.  The  reader  should  recall  that  the  measure  used  here  is  an 
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estimate  of  inefficiency.  Thus,  the  higher  the  percentile  level  of  the  measure  the  greater  the  level 
of  inefficiency  and  conversely,  the  lower  the  level  of  efficiency.  For  example,  the  25th  percentile 
inefficiency  measure  here  means  that  hosp.tals  at  or  below  the  25th  percentile  threshold  were  less 
efficient  than  25  percent  of  all  hospitals  and  more  efficient  than  the  remaining  75  percent. 
Conversely,  hospitals  at  or  below  the  75th  percentile  cutoff  were  less  efficient  than  75  percent  of 
all  hospitals  and  only  more  efficient  than  25  percent  of  all  hospitals.  Table  VI-2  shows  that 
across  all  hospitals,  the  25th  percentile  of  that  inefficiency  measure  was  0.092,  with  the  median  at 
0. 120,  and  the  75th  and  90th  percentiles  set  at  0. 154  and  0. 198,  respectively.  There  is  little 
observed  difference  in  these  distributions  when  they  are  calculated  separately  for  each  of  the  three 
categories  of  urbanicity. 

These  distributions  identify  the  cutoff  points  used  to  exclude  inefficient  hospitals  from  the 
calculation  of  standardized  payment  amounts  used  in  our  simulations.  Thus,  for  example,  under 
the  alternative  methodology  which  is  based  on  the  25th  percentile  of  inefficiency,  the  cost  for  any 
large  urban  hospital  with  an  inefficiency  level  in  excess  of  0.094  is  excluded  from  the  calculation 
of  the  standardized  payment  amount  for  large  urban  hospitals;  for  the  approach  which  is  based  on 
the  90th  percentile  of  inefficiency,  costs  for  large  urban  hospitals  with  inefficiency  measures  above 
0. 197  were  excluded  from  the  calculation.12 

The  average  casemix  adjusted  cost  per  discharge  across  all  5.223  hospitals  for  which  we 
have  cost  data,  was  S5,820.  Table  VI-2  displays  the  25th.  50th,  75th  and  90th  percentiles  of 


h  m  k  i  6  ™ffiCienCy  l£VelS  m  Presemed  here"  and  in  ^sequent  descr.ptive  tables,  for  rural  hosp.tals  it 
should  be  recalled  that  rural  hosp.tal  costs  were  excluded  from  the  calculation  of  the  standardized  payment  amount 
because  under  the  Med.care  payment  system  their  payment  rates  are  set  equal  to  those  established  for  other  urban 
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casemix  adjusted  costs  for  all  hosp.tals.  rural,  large  and  other  urban  hospitals.  As  shown  there, 
only  25  percent  of  all  hospitals  have  average  Medicare  casemix  adjusted  costs  per  case  below 
S4.58 1 .  while  90  percent  of  all  hospitals  have  costs  per  case  below  $7,956.  Thus,  for  example,  in 
the  calculate  of  the  standardized  payment  amount  set  at  the  25th  percentile  of  costs,  costs  for  all 
large  urban  hospitals  with  average  cost  per  case  in  excess  of  $5,885,  are  excluded  from  the 
payment  rate  calculation. 

ii.  Hospital  Characteristics  within  Efficiency  and  Cost  per  Case  Categories 

Efficiency  Categories.  Table  VI-8  displays  hospitals  characteristics  when  hospitals  are 
grouped  according  to  their  relevant  percentile  ranking  of  the  measure  of  inefficiency  (i.e.  large 
urban  hospitals  ranked  according  to  the  distribution  for  large  urban  hospitals,  etc.).  Costs  per 
case  consistently  increase  with  the  relative  level  of  inefficiency.  When  we  correlate  the  efficiency 
measure  with  the  average  cost  per  case,  we  obtain  an  estimate  of  0.39  for  unadjusted  cost  per 
case,  0.55  for  casemix  adjusted  cost  per  case,  and  0.65  for  standardized  costs  per  discharge.1-1 

It  is  interesting  to  note  that  occupancy  rates  do  not  vary  dramatically  across  the  various 
levels  of  inefficiency,  with  the  exception  of  a  7  percentage  point  difference  (or  14  percent) 
between  the  most  and  least  efficient  hospitals.  The  average  occupancy  rate  is  lowest  among  those 
hospitals  in  the  least  efficient  category  (90th+  percentile)  at  50  percent.  Conversely,  the  ratio  of 
outpatient  visits  to  inpatient  admissions  is  highest  among  the  most  inefficient  hospitals  at  13.67. 
relative  to  a  ratio  of  12.25  for  all  hospitals. 

As  shown  in  Table  VI-8,  a  disproportionately  larger  share  of  the  most  efficient  hospitals 


13c 


Standardized  costs  per  discharge  are  those  which  have  been  adjusted  for  caserrux,  indirect  medical  education 
disproportionate  share,  cost-of-living  adjustment,  and  the  wage  index. 
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are  located  in  the  Middle  Atlant.c.  as  well  as  a  disproportionately  smaller  share  of  the  most 
inefficient  (i.e.  those  in  the  75th  or  higher  percentiles  of  inefficiency).  Overall  10  percent  of  all 
hospitals  in  the  sample  are  located  in  the  Middle  Atlantic  region,  while  15  percent  of  all  hospitals 
with  inefficiency  levels  in  the  0-25th  percentile  range  are  located  there.  In  contrast.  6  and  4 
percent  respectively  for  the  75th-90th  and  90th+  percentiles  of  inefficiency  are  located  in  that 
region.  The  West  South  Central  region  has  the  highest  representation  of  the  least  efficient 
hospitals,  with  20  percent  of  all  hospitals  with  inefficiency  measures  in  the  range  of  90th+ 
percentile  located  in  that  region. 

Not  for  profit  hospitals  display  a  disproportionately  lower  share  of  the  most  inefficient 
hospitals,  representing  59  percent  of  total  hospitals  but  only  46  percent  of  those  in  the  90th+ 
percentile  category  of  inefficiency.  In  contrast,  all  other  types  of  control  or  ownership  display  a 
disproportionately  larger  share  in  the  most  inefficient  category. 

Rural  hospitals  with  fewer  than  50  beds  demonstrate  the  highest  levels  of  efficiency, 
among  rural  hospitals,  representing  only  1 1  percent  of  all  hospitals,  but  16  percent  of  those  in  the 
lowest  inefficiency  group  (0-25th  percentile).  In  contrast,  those  in  the  next  highest  bed  category 
(50-99  beds)  represent  16  percent  of  all  hospitals  and  21  percent  of  those  in  the  least  efficient 
category  (90th+  percentile).  Small  urban  hospitals  «100  beds)  are  disproportionately  represented 
in  the  least  and  most  efficient  categories,  with  23  percent  falling  into  both  the  0-25th  and  the 
90th+  categories  of  inefficiency. 

There  is  no  discernable  pattern  evident  among  the  distribution  of  hospitals  according  to 
the  composition  of  the  medical  staff.  Nonteaching  hospitals  are  disproportionately  represented 
among  those  in  the  most  efficient  category,  but  otherwise  no  striking  patterns  emerge  along  that 
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dimension.  When  hospitals  are  categorized  into  teaching  groups  based  on  their  percentile  ranking 
of  the  ratio  of  interns  and  residents  to  beds,  those  in  the  40th-60th  percentile  of  the  IRB  ratio  are 
disproportionately  represented  in  the  most  efficient  category  (0-25th  percentile  of  inefficiency). 
Otherwise,  no  clear  pattern  emerges  with  regard  to  teaching  status  and  efficiency  measures. 

The  highest  average  casemix  index  is  observed  for  those  hospitals  in  the  50th-75th 
percentile  category  of  inefficiency.  Those  hospitals  with  the  lowest  average  casemix  (0-25th 
percentile)  are  disproportionately  represented  at  the  low  and  high  end  of  the  inefficiency  measure. 
Those  hospitals  represent  23  percent  of  all  hospitals  but  33  percent  of  all  hospitals  in  the  0-25th 
percentile  and  90th+  percentile  of  inefficiency. 

The  category  labeled  disproportionate  share  displays  Medicare  and  Medicaid  patients  as  a 
percentage  of  total.  As  seen  there,  on  average,  14  percent  of  all  patients  are  covered  by  Medicaid 
and  41  percent  by  Medicare.  Those  hospitals  in  the  highest  inefficiency  category  treat  a 
disproportionately  low  share  of  Medicare  patients,  at  37  percent.  When  hospitals  are  categorized 
according  to  HCFA-determined  DSH  percentiles,  those  hospitals  with  DSH  percentages  in  the 
40th-80th  percentile  of  the  distribution  are  disproportionately  less  likely  to  appear  in  the  most 
inefficient  category.    As  expected  from  the  earlier  finding  on  teaching  status,  the  non-teaching 
hospitals,  regardless  of  DSH  status  are  disproportionately  represented  in  the  most  efficient 
category. 

As  shown,  13  percent  of  all  hospitals  are  designated  as  sole  community  providers  and  5 
percent  act  as  rural  referral  centers.  Sole  community  hospitals  are  disproportionately  more  likely 
to  exhibit  the  highest  level  of  inefficiency,  while  rural  referral  centers  are  disproportionately 
represented  in  the  50th  to  90th  percentile  ranges  of  inefficiency. 
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The  remaining  categories  in  table  VI-8  display  characteristics  of  the  county  in  which  a 
given  hospital  is  located.  It  is  interesting  to  note  that  there  is  little  variation  in  the  area 
characteristics  across  hospitals  distributed  by  level  of  inefficiency.  Average  county  income  is 
lowest  for  those  hospitals  that  are  most  efficient,  but  does  not  actually  vary  substantially.  The 
percent  of  the  population  below  the  poverty  line  and  the  percentage  of  the  population  comprised 
of  the  "old"  do  not  vary  by  level  of  inefficiency.  There  seems  to  be  little  relationship  between 
relative  hospital  ( inefficiency  and  county  level  characteristics  of  the  population. 

With  regard  to  market  level  characteristics,  we  find  that  the  average  malpractice  index14  of 
hospitals  in  the  county  increases  as  inefficiency  measures  increase.  The  average  malpractice  index 
across  all  hospitals  is  0.88.  Among  the  most  efficient  hospitals,  the  average  is  0.85,  and  increases 
to  roughly  0.92-  0.93  for  those  in  the  75th+  percentile  of  inefficiency.  Perhaps  the  most  striking 
finding  of  all  is  that  hospitals  with  the  highest  levels  of  inefficiency  are  more  likely  to  be  located  in 
areas  where  the  number  of  certified  Medicaid  or  Medicare  nursing  home  beds  is 
disproportionately  lower  than  average.  This  is  especially  true  for  hospitals  in  the  highest  category 
of  inefficiency,  where  the  average  number  of  Medicare  certified  nursing  home  beds  in  the  area  is 
1.23  per  1,000  population,  relative  to  the  national  average  of  1.47  beds  per  1,000. 

In  general,  the  differences  observed  when  hospitals  are  categorized  by  levels  of 
inefficiency  are  for  the  most  part,  small  in  magnitude.  Given  this  relatively  uniform  distribution  of 
hospitals  when  categorized  by  inefficiency  measures,  we  might  anticipate  that  a  payment  policy 


The  malpractice  index  reflects  the  average  premium  cost,  by  specialty,  within  a  county  ,  divided  by  the 
national  population  weighted  average  cost  for  that  specialty.  Index  values  for  each  county  were  then  computed  using 
Medicare  allowed  charges  for  each  specialty  as  the  weight.  For  additional  detail  on  this  measure,  see:  S.  Zuckerman 
and  S.  Norton,  "Updating  the  Geographic  Practice  Cost  Index:  The  Malpractice  GPCI", 
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which  excluded  hospitals  from  the  payment  rate  calculation  based  on  their  relative  level  of 
inefficiency,  would  not  disproportionately  exclude  any  given  group  of  hospitals.  Thus,  for 
example,  we  would  not  expect  that  a  disproportionate  share  of  large  versus  small  hospitals  would 
be  excluded  on  the  basis  of  inefficiency. 

Average  Cost  Categories.  Table  VI-9  displays  the  characteristics  of  hospitals  when  they 
are  categorized  according  to  their  relative  level  of  casemix  adjusted  average  cost.  As  shown 
there,  the  average  level  of  inefficiency  increases  as  costs  increase.  The  lowest  cost  hospitals  have 
a  better  than  average  inefficiency  level  (0.09).  Those  with  costs  in  the  25th-50th  percentile  range 
also  have  below  average  levels  of  inefficiency  (0. 12)  and  those  hospitals  in  the  50th  to  75th 
percentile  range  of  costs  exhibit  average  inefficiency  measures  just  slightly  above  the  national 
average  (0.14).  Hospitals  in  the  two  highest  cost  categories  have  average  inefficiency  measures 
of  16  percent  and  22  percent,  respectively.  Thus  the  most  expensive  hospitals  also  exhibit  the 
highest  average  level  of  inefficiency. 

Occupancy  rates  are  higher  than  the  national  average  for  the  25th-90th  percentile  cost 
categories,  but  lower  than  the  national  average  for  both  the  lowest  and  highest  cost  categories. 
Hospitals  in  the  two  highest  cost  categories  exhibit  a  higher  than  average  ratio  of  outpatient  visits 
to  inpatient  admissions. 

While  the  Middle  Atlantic  region  displayed  disproportionately  fewer  hospitals  in  the 
highest  inefficiency  category  and  disproportionately  more  in  the  lowest  inefficiency  level  category, 
the  converse  is  true  when  hospitals  are  categorized  by  cost  levels.  Hospitals  in  the  Middle 
Atlantic  region  represent  10  percent  of  all  hospitals,  but  only  9  percent  of  hospitals  in  the  0-25th 
percentile  of  costs  category  and  1 1  percent  of  hospitals  in  the  90th+  percentile  of  cost  category. 
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dis.nbu.ion  of  costs.  Nine  percen,  of  aU  hosp„a,s  are  loca.ed  ,n  the  Eas,  South  Centra,  region, 
ye-  they  represent  ,  3  percen,  of  ail  hosp.tals  ,n  the  0-25,h  percent.le  of  cost  category  and  only  5 
percent  of  those  in  the  ,0,h+  percent  group.  Those  in  the  West  North  Centra,  region  represent 

of  the  htghes,  cost  category.  The  region  with  ,he  most  unfavorabie  cos,  dfel .  ^  ^ 

cos,  ca,egory  and  2,  and  ,6  percen,,  respectively  of  the  highes,  and  next  h.ghes,  cos,  categones. 

For  profi,  hospi.als  are  diSpropor,i„„a,ely  represen.ed  in  ,he  highes,  cos,  category. 
Nonprofit  hospitals  are  disproportionately  represented  in  the  25,h-90,h  percentile  groups.  Rura, 
government  hospi.als  which  represen,  20  percen,  of  all  fachfies,  comprise  26  percen,  of , hose  ,„ 
■he  h,ghes,  cos,  ca,egory.  Th,s  is  similar  ,o  ,he  findtng  ,ha,  rural  government  hospitals  were 
slightly  dispropor,io„a,ely  represen.ed  among  the  highes,  inefficiency  ca.egory. 

Hospital  srze  is  found  to  increase  fairly  consistently  w„h  average  cos,  per  case,  up  to  the 
highes,  cos,  category.  The  most  cos.ly  tacUiUes  have  an  average  beds*e  of  ,6,  beds.  wh„e  ,hose 
facliues  in  ,he  leas,  cosdy  ca.egory  have  only  ,34  beds,  on  average.  Small  urban  hospitals  .those 
in  the  <100  beds  category)  are  disproportionately  represented  in  the  h.ghes.  cos,  ca.egory. 
Conversely,  small  rural  hospi.als  (,hosc  with  <  50  beds  or  50-99  beds,  are  dispropor.iona.ely 
repressed  among  the  lower  cos,  ca.egor.es.  For  example,  rural  hospi.als  with  fewer  ,han  50 
beds  represen,  1 1  percen,  of  all  hospi.als.  bu.  20  percen,  of  lowest  cost  hospitals. 

Lower  cos,  hospi.als  demons.ra.e  a  disproportions,  larger  share  of  their  medical  staff  in 
primary  care,  while  higher  cos,  hospitals  have  slightly  higher  disproportionate  percentages  of 
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medical  and  surgical  staff.  On  average,  across  all  hospitals.  47  percent  of  total  medical  staff  are 
in  primary  care,  compared  to  51  percent  among  the  lowest  cost  hospitals. 

Nonteaching  hospitals  were  found  to  be  disproportionately  represented  among  the  lowest 
inefficiency  category,  and  as  might  be  expected,  are  also  disproportionately  represented  among 
the  lowest  cost  category.  Nonteaching  hospitals  account  for  79  percent  of  all  hospitals,  but  87 
percent  of  those  in  the  lowest  cost  category  and  only  69  percent  of  those  in  the  highest  cost 
category.  In  contrast,  major  teaching  facilities  represent  only  3  percent  of  all  hospitals,  but  9 
percent  of  those  hospitals  in  the  highest  cost  category.  When  hospitals  are  categorized  by  their 
relative  level  of  the  ratio  of  interns  and  residents  to  beds,  those  with  low  IRB  ratios  are  over 
represented  in  the  low  cost  categories  and  under  represented  in  the  high  cost  categories.  For 
example,  those  with  IRB  ratios  in  the  0-20th  percentiles,  represent  2 1  percent  of  all  hospitals  but 
25  and  29  percent,  respectively,  of  all  hospitals  in  the  two  lowest  cost  categories,  and  13  percent 
of  those  in  the  two  highest  cost  categories.  In  contrast,  those  with  IRB  ratios  in  the  60th-80th 
percentile  range  represent  20  percent  of  all  hospitals  but  only  10  percent  of  all  hospitals  in  the 
lowest  cost  category. 

Hospitals  with  the  lowest  casemix  levels  are  disproportionately  represented  among  the 
lowest  and  highest  cost  categories.  Those  hospitals  with  casemix  indices  in  the  0-25th  percentile 
category  represent  23  percent  of  all  hospitals,  but  account  for  33  percent  of  hospitals  in  the 
lowest  and  highest  cost  categories. 

Hospitals  with  costs  in  the  low  end  of  the  distribution  treat  a  higher  than  average 
percentage  of  Medicare  patients,  and  the  percentage  of  Medicare  patients  decreases  consistently 
as  costs  increase.  The  pattern  for  Medicaid  patients  is  less  clear.  Hospitals  in  the  lowest  cost 
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category  treat  a  minimally  higher  than  average  percentage  of  Medicaid  patients,  but  so  do  those 
hospitals  in  the  highest  cost  category. 

Similarly,  those  with  the  highest  DSH  levels  (80th- 100th  percentile  of  DSH)  are 
disproportionately  represented  in  the  lowest  and  highest  cost  categories.  Non-DSH/non-teaching 
hospitals  are  disproportionately  represented  in  the  lowest  cost  category. 

Sole  community  hospitals  are  over  represented  in  the  highest  cost  category,  comprising  13 
percent  of  all  hospitals  but  23  percent  of  those  in  the  highest  cost  category.  Rural  referral  centers 
are  under  represented  in  the  lowest  cost  category  and  over  represented  in  the  75th-90th  percentile 


categories. 


ve 


Average  incomes  increase  as  costs  rise.  However,  there  is  an  interesting  absence  of 
glaring  deviations  from  the  national  mean  percentage  of  persons  below  the  poverty  level  or  abo 
age  84,  across  the  cost  distribution.  Those  hospitals  in  the  highest  cost  categories  are  located  in 
counties  with  15  percent  of  the  population  uninsured,  compared  to  the  national  average  of  14 
percent. 

The  area  malpractice  index  rises  consistenly  with  cost,  ranging  from  0.82  in  the  lowest 
cost  category  to  0.97  in  the  highest.  HMO  concentration  (HMOs  per  100,000  population)  does 
not  follow  a  consistent  pattern  relative  to  costs.  The  average  number  of  Medicaid  certified 
nursing  home  beds  per  1,000  population  decreases  as  costs  increase,  while  the  opposite  is  true  for 
Medicare  certified  nursing  home  beds. 

Based  on  these  observations,  it  is  evident  that  hospitals  are  somewhat  more  likely  to  be 
disproportionately  represented  within  a  given  cost  category  than  they  are  within  a  given  efficiency 
category.  Thus  a  system  where  hospitals  are  excluded  from  the  calculation  of  payment  rates  on 
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the  basis  of  costs  is  more  likely  to  disproportionately  exclude  certain  types  of  hospitals  than 
others.  For  example,  a  policy  which  excluded  those  hospitals  with  costs  at  the  75th  percentile 
above  would  exclude  a  disproportionate  share  of  teaching  hospitals  and  include  a  disproport. 
share  of  nonteaching  hospitals.  In  contrast,  a  policy  which  excluded  hospitals  at  the  75th 
percentile  or  above  of  inefficiency  would  not  have  that  effect.  These  findings,  combined  with  the 
previously  reported  simple  correlation  coefficients  for  cost  and  efficiency  measures,  suggest  that 
costs  are  not  a  good  proxy  for  efficiency. 
E.  Payment  Simulation  Model 

In  this  section,  we  first  compare  the  simulated  standardized  payment  amounts  under  each 
of  the  nine  payment  rate  options  developed  here  --  the  baseline  payment  rate,  four  alternative 
rates  based  on  relative  inefficiency  measures,  and  four  alternative  rates  based  on  relative  cost 
measures.  We  then  present  the  average  payment  per  discharge  by  hospitals  type  for  each  of  the 
nine  approaches.  Then  we  examine  the  aggregate  program  payments  made  to  hospitals  when 
each  of  these  standardized  amounts  is  used  in  our  replication  of  the  Medicare  PPS  payment 
methodology.  Finally,  we  present  the  results  of  the  payment  simulation  model  which  displays  the 
distributional  effects  of  moving  from  the  baseline  payment  approach  to  each  of  the  alternative 
systems. 

i.  Average  Payments  Per  Discharge  by  Hospital  Type 

Table  VI- 10  displays  payments  per  discharge  by  hospital  type.  The  first  column  of  the 
table,  under  the  heading  "baseline"  display  the  baseline  standardized  payment  amounts  used  in  the 
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Simula,,™  for  large  urban  ,55.728)  and  o,her  urbaa/rural  hospitals  ($5.905) .«    The  dollar 
figures  shown  ,n  ,he  columns  under  ,he  heading  >yroems  per  discharg,.  disp,ay  ^  ^ 
standardized  paymen,  amoun.s  under  eaeh  of  the  al.emative  systems.  Thus,  as  shown,  the 
standardized  paymen,  rate  for  large  urban  hospitals  ranges  from  a  h,gh  of  S5.649  under  the  op„o„ 
wh,ch  mcludes  hospi.als  a,  ,he  0-90,h  percen.ile  of  ^efficiency  to  a  low  of  S5.039  when  only 
•hose  hospitals  in  ,he  0-25,h  percenule  of  inefficiency  are  included  in  the  base  rate  calculation. 
SMarly,  ,he  standards  large  urban  paymen,  ra,e  for  ,he  op.ion  which  includes  those  hospnals 
a,  the  0-90,h  percenthe  of  costs  is  shown  ,o  be  55,669,  compared  to  54,8 1 7  for  the  op,io„  wh,ch 
includes  only  those  in  the  range  of  0-25th  percentile  of  costs. 

The  nex,  se,  of  columns  display  ,he  standardized  paymen,  rates  under  each  of  ,he  op.ions. 
relative  ,o  the  baseline  standard  amoun,.  expressing  the  optional  rates  as  a  percentage  of  ,he 
basehne  amount.  Thus  we  see  ,ha,  ,he  90,h  percen.ile  of  inefficiency  op.ion  produces  a  paymen, 
rate  for  large  urban  hospitals  which  is  equal  to  98.6  percent  of  the  basehne  rate,  while  ,he  25,h 
percentile  of  inefficiency  option  produces  a  rate  which  is  only  88.0  percent  of  ,he  basehne  ra,e. 
The  Cher  urban/rura!  ra,es  are  lower.  wi,h  the  90,h  percenole  of  inefficiency  op,io„  resulting  in  a 
ra,e  for  those  hospitals  that  ,s  98.5  percent  of  the  baseline  amoun,,  while  the  25,h  percentile 
option  produces  a  paymen,  ra,e  ,ha,  equals  only  85. 1  percen,  of  the  baseline  rate. 

When  we  compare  the  ra,es  created  under  Che  cos,  op.ions,  we  find  that  the  rate  for  large 
urban  hospi.als  is  99  percen,  of  the  basehne  under  the  90,h  percentile  of  cos.s  op.ion.  bu,  only 
84. 1  percen,  of  cos,  under  the  25,h  percentile  op.ion.  SimUarly,  the  paymen,  rate  for  other 

hosP„a,s     17^::~^:ztzt  m  pa,d :  ,h?ame  raie  *  «* 

rales  are  equivalent  m      0rs  tave  bcen     so  lh"  u,e  <**'  "rt>™  and  rural  payment 
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urban/rural  hosp.tals  is  98.3  percent  of  the  baseline  under  the  90th  percentile  of  cost  option,  and 
declines  to  83.2  percent  under  the  25th  percentile  option. 

While  the  observed  differences  in  optional  rates  as  a  percent  of  baseline  between  the 
inefficiency  approach  and  the  cost  approach  are  not  that  great  for  the  90th  and  75th  percentile 
options,  the  differences  are  more  marked  under  the  50th  and  25th  percentile  options.  The  50th 
percentile  option  yields  a  payment  rate  for  large  urban  hospitals  that  is  93. 1  percent  of  the 
baseline  when  inefficiency  measures  are  used,  but  only  91.8  percent  when  cost  is  the  relevant 
indicator.   Similar  differences  can  be  seen  for  the  other  urban  category,  as  well  as  for  both 
hospital  types  under  the  25th  percentile  options. 

The  third  line  of  the  table  displays  the  average  payment  per  discharge  across  all  hospitals. 
As  shown,  the  average  baseline  amount  is  $6,387,  with  payments  per  case  under  the  inefficiency 
approach  ranging  from  $5,533  under  the  25th  percentile  option  to  $6,294  under  the  25th 
percentile  option.  Similarly,  the  average  payment  per  discharge  across  all  hospitals  under  the  cost 
approach,  ranges  from  $5,348  under  the  25th  percentile  option  to  $6,303  under  the  90th 
percentile  option.  The  optional  payment  rates  as  a  percentage  of  baseline  are  shown  to  be 
remarkably  similar  for  the  two  approaches    efficiency  versus  cost  -  under  the  90th  and  75th 
percentiles  ,  but  more  divergent  under  the  50th  and  25th  percentile  options.  Average  payment  per 
discharge  as  a  percentage  of  the  baseline  is  92.6  percent  under  the  50th  percentile  of  inefficiency 
approach,  but  only  91.3  percent  under  the  50th  percentile  of  costs  approach.  On  average, 
payments  under  the  25th  percentile  of  inefficiency  approach  equal  86.6  percent  of  the  baseline, 
but  only  83.7  percent  under  the  25th  percentile  of  costs  approach. 

The  remainder  of  the  table  displays  the  average  standardized  payment  amount  for  hospitals 
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of  a  given  type.  Thus,  for  example,  we  find  that  average  baseline  payments  across  the  nine  census 
regions  range  from  an  average  of  S5,283  in  the  East  South  Central  region,  to  $7,686  in  the  Pacific 
region.  Payments  in  those  regions  under  the  25th  percentile  of  inefficiency  option  are  shown  to 
be  S4.498  per  discharge  in  the  East  South  Central  region  and  S6.697  for  hospitals  in  the  Pacific 
region.  As  expected,  given  the  patterns  described  above,  the  range  of  average  optional  payment 
as  a  percent  of  baseline  is  fairly  narrow  across  all  hospital  categories  under  the  90th  and  75th 
percentile  options  (for  both  efficiency  and  cost),  but  wider  under  the  50th  and  25th  percentile 
options.  For  example,  under  the  option  of  75th  percentile  of  inefficiency  the  average  optional 
payment  as  a  percent  of  baseline  ranges  from  96.3  to  96.4  percent  when  hospitals  are  categorized 
by  DSH  status  and  urbanicity.  In  contrast,  under  the  25th  percentile  of  inefficiency  option, 
average  optional  payments  per  discharge  as  a  percent  of  baseline  range  from  85  percent  to  88 
percent. 

ii.  Aggregate  Payments  by  Hospital  Type 

Efficiency  Approach.  While  table  VI- 10  displayed  the  average  payments  per  discharge 
under  the  baseline  and  alternative  approaches,  table  VI- 1 1  includes  the  effects  of  adding  in  the 
number  of  admissions  within  each  type  of  hospital,  and  presents  a  similar  comparison  for 
aggregate  payments.  Thus,  this  table  highlights  the  estimated  impact  of  each  of  the  payment 
options  on  aggregate  program  expenditures. 

As  shown  there,  our  estimated  baseline  total  payments  across  all  hospitals  total  $66,068 
billion.  By  moving  to  the  least  stringent  approach  -  an  approach  that  paid  hospitals  a  payment 
rate  that  include  only  the  costs  of  those  hospitals  at  the  90th  percentile  of  inefficiency  (ie.,  only 
the  top  10  percent  of  inefficient  hospitals  are  excluded  from  the  calculation),  aggregate  program 
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expend.tures  drop  to  S65.  ,03  billion,  for  an  est.mated  program  savings  of  nearly  SI  billion  (S96.5 
million),  or  1  percent  of  total  baseline  expenditures.  Movement  to  the  75th  percentile  of 
inefficiency  option  results  in  a  savings  of  S2.4  billion,  or  4  percent.  Under  the  50th  percent.le  of 
inefficiency  option,  program  savings  total  S4.9  billion,  (7  percent  savings)  while  under  the  25th 
percentile  of  inefficiency  option,  program  expenditures  are  reduced  by  S8.8  billion,  or  1 3  percent. 
Thus,  substantial  program  savings  are  ach.evable  if  the  approach  of  recognizing  only  the  costs  of 
"efficient"  hospitals  is  adopted. 

The  percentage  savings  achieved  increases  greatly  as  the  threshold  of  allowed  inefficiency 
changes.  However,  within  each  specified  hospital  category  and  each  inefficiency  option,  there  is 
little  observed  variation  in  the  percentage  savings.  For  example,  under  the  90th  percentile  option, 
a  one  percent  savings  is  achieved  regardless  of  teaching  status.  Similarly,  under  the  75th 
percentile  option,  a  4  percent  savings  is  achieved,  respective  of  teaching  status.  Variation  in 
savings,  by  hospitals  categorized  according  to  teaching  status,  does  not  appear  until  the  50th 
percentile  of  inefficiency  option  is  adopted.  Even  then,  however,  the  difference  is  minimal.  Under 
the  50th  percentile  of  inefficiency  option,  program  savings  equal  7  percent  for  major  and  minor 
teaching  facilities,  and  8  percent  for  nonteachmg  faclities.  The  greatest  differences  in  program 
savings,  within  hospital  categories,  are  observed  under  the  25th  percentile  option,  when  hospitals 
are  categorized  by  geographic  location  and  DSH  status.  Even  in  those  instances,  program  savings 
range  from  12  percent  to  15  percent,  a  fairly  narrow  range.   In  general,  we  do  not  observe 
d,sproportional  reductions  in  hospital  payments  within  hospital  categories,  across  any  of  the 
various  efficiency  options.  The  percentage  program  reductions  observed  across  all  hospitals,  are 
very  close  to  those  observed  by  hospital  type,  irrespective  of  the  categorization  chosen. 
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Cost  Per  Case  Approach.  Table  VI- 12  displays  the  effects  of  moving  to  alternative 
methods  for  calculating  standardized  payment  rates  based  on  excluding  those  hospital  costs  above 
a  specified  threshold  level.  As  shown  there,  when  only  the  costs  of  hospitals  at  or  below  the  90th 
percentile  of  average  cost  per  case  are  included  in  the  calculation  of  the  standardized  payment 
rate,  (the  least  stringent  approach)  program  expenditures  drop  from  our  estimated  baseline  of 
S66.068  billion  to  S  65. 197  billion,  for  a  savings  of  $871  million,  or  1  percent  of  baseline 
expenditures.  This  reflects  a  program  savings  that  is  slightly  below  the  $965  million  achieved 
under  the  90th  percentile  of  inefficiency  approach.  Under  the  75th  percentile  of  costs  approach, 
estimated  program  expenditures  decline  to  $63,598  billion,  representing  savings  of  $2.47  billion. 
(4  percent  of  baseline)  equal  to  the  savings  achieved  under  the  75th  percentile  of  inefficiency 
approach.  Under  the  50th  percentile  of  costs  approach,  program  expenditures  decline  to  $60,346 
billion,  for  program  savings  of  $5.7  billion,  (9  percent  of  baseline)  above  those  achieved  under  the 
50th  percentile  of  inefficiency  approach.  Finally,  under  the  most  stringent  approach  -  25th 
percentile  of  costs  -  program  expenditures  decline  to  $55,314  billion,  representing  estimated 
aggregate  program  savings  of  $10.75  billion,  or  16  percent  of  baseline  payments.  Thus,  as  we 
would  expect  based  on  the  comparisons  of  average  standardized  payment  rates  in  table  VI- 10.  the 
inefficiency  approach  to  altering  the  payment  rate  calculation  methodology  yields  greater  program 
savings  at  the  less  stringent  levels  (90th  and  75th  percentiles  of  inefficiency/cost)  but  lesser 
savings  under  the  more  stringent  options  (50th  and  25th  percentile  of  inefficiency/cost). 

The  pattern  observed  in  table  VI- 1 1  for  the  efficiency  options  is  repeated  here  under  the 
cost  per  case  options.  The  percentage  reduction  in  savings  achieved  under  each  of  the  cost 
options  does  not  vary  substantially  by  hospital  type.  The  average  payment  reductions  observed 
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across  all  hospitals  of  1.  4.  9.  and  16  percent,  respectively,  (under  the  90th.  75th.  50th.  25th 
percentile  of  average  cost  per  case  options)  are  reflective  of  the  percentage  reductions  observed 
across  hospital  types.  In  no  instance  do  payment  reductions  differ  by  more  than  one  percent 
within  a  given  hospital  category,  within  a  given  payment  option, 
iii.  Distributional  Effects  by  Hospital  Type 

The  preceding  tables  displayed  the  change  in  aggregate  program  payments  by  hospital  type 
when  each  of  eight  alternative  payment  options  were  simulated.  This  section  presents  a  more 
detailed  disaggregation  of  the  financial  impacts  of  the  alternative  systems,  also  displayed  by 
hospital  type.  The  tables  in  this  section  will  highlight  the  gainer  and  loser  hospital  types  under 
each  of  the  options  and  display  their  percentage  dollar  gain  or  loss.  Gains  and  losses  are 
presented  in  two  ways  -  the  first  presents  gains  or  losses  relative  to  baseline  payments  (table  VI- 
13),  the  second  displays  gains  or  losses  relative  to  actual  hospital  specific  costs  (table  VI- 14)  In 
both  cases,  the  tables  included  in  this  section  are  summary  tables  only,  displaying  effects  across  all 
hospitals.  Detailed  tables  are  presented  in  appendices  A  (Related  to  table  VI- 13;  gains/losses 
relative  to  baseline  payments)  and  B  (Related  to  table  VI- 14,  gains/losses  relative  to  facility 
costs). 

Gains/Losses  Relative  to  Baseline  Payments.  Table  VI- 13  displays  the  aggregate  and 
distributional  financial  effects  of  moving  from  the  existing  payment  rate  calculation  approach  to 
each  of  the  eight  alternative  approaches  discussed  in  this  paper.  We  begin  this  discussion  by 
defining  the  entries  in  the  table.  The  first  column  simply  identifies  the  option  under  consideration 
(baseline,  followed  by  the  four  inefficiency  measure  options,  followed  by  the  four  average  cost 
options).  The  second  column  indicates  the  estimated  aggregate  Medicare  program  payments 
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under  the  baseline  and  eight  options.  The  third  column,  labeled  "Hospital  Losses",  estimates  the 
aggregate  dollar  loss  hospitals  incur  when  moving  from  an  estimated  baseline  payment  to  the 
specified  optional  payment  approach.  That  is  the  dollar  loss  attributable  to  those  hospitals  that 
lose  revenues  when  moving  from  the  baseline  to  an  optional  system.  The  third  column  presents 
the  aggregate  dollar  surplus  hospitals  incur  as  a  result  of  moving  from  a  baseline  payment  to  an 
optional  payment  approach,  ie.  the  dollar  gain  attributable  to  those  hospitals  with  financial  gains 
when  moving  from  the  baseline  to  an  optional  approach.  The  fourth  column,  labeled  "Net 
Margin",  is  equal  to  the  sum  of  revenues  from  optional  approaches  minus  revenues  from  the 
baseline  approach  --  which  also  equals  surpluses  minus  losses.  The  last  column,  labeled  "Percent 
Dollar  Loss"  is  the  net  margin  divided  by  facility  revenue  under  the  baseline  approach.  The 
remaining  columns  display  the  percentage  of  hospitals  who  are  unaffected  by  the  change  to  an 
alternative  approach  (%  of  Hospitals  With  No  Effect),  the  percentage  range  of  the  dollar  surplus 
for  those  facilities  with  a  surplus,  and  the  percentage  range  of  loss  for  those  facilities  with 
financial  losses,  relative  to  the  baseline  payment.  Included  in  the  category  of  "Hospitals  With  No 
Effect"  are  those  with  a  less  than  1  percent  gain  or  loss,  e.g.  hospitals  with  a  gain  or  loss  of  0.99 
percent  or  less  would  be  included  in  that  category. 

The  results  presented  in  table  VI- 13,  are  obvious  if  the  reader  recalls  that  in  every  case, 
the  standardized  payment  rates  calculated  under  each  of  the  eight  optional  approaches  are,  in 
every  instance,  below  the  rates  calculated  under  the  existing  system  (baseline).  Therefore,  it  is  not 
possible  for  any  hospital  to  experience  a  gain  or  surplus  relative  to  its  baseline  payment.  At  best, 
hospitals  may  experience  no  effect,  or  a  loss. 

This  is  borne  out  by  the  results  presented  in  table  VI- 13.  As  shown  there,  aggregate 
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hospital  losses  range  from  a  low  of  S87 1  million  under  the  90th  percentile  of  cost  option  to  a  high 
of  S 1 0.754  billion  under  the  25th  percentile  of  costs  option.  Under  the  inefficiency  measure 
approach,  hospital  losses  range  from  S964  million  under  the  90th  percentile  approach  to  S8.834 
billion  under  the  25th  percentile  approach.  These  losses  were  previously  displayed  in  table  VI- 1 1. 
As  noted,  no  hospital  gains  from  movement  to  an  optional  approach,  relative  to  baseline 
payments.  Therefore,  the  observed  net  margin  equals  the  observed  hospital  losses.    The  only 
areas  where  movement  to  an  optional  approach  results  in  no  financial  effect  is  under  both  of  the 
90th  percentile  approaches.  When  payment  is  based  on  the  90th  percentile  of  inefficiency 
measure,  0.3  percent  of  all  hospitals  are  unaffected  --  that  is  they  neither  gain  nor  lose  revenues 
relative  to  the  baseline.  When  the  90th  percentile  of  cost  approach  is  simulated,  10. 1  percent  of 
all  hospitals  experience  neither  a  gain  or  loss. 

Losses  under  the  90th,  75th  and  50th  percentile  approaches  are  concentrated  in  the  range 
of  1-10  percent  loss.  Losses  under  the  25th  percentile  approaches  are  along  the  order  of 
magnitude  of  1 1-20  percent.  Under  the  90th  percentile  of  inefficiency  approach,  99.7  percent  of 
all  hospitals  experience  a  one  to  ten  percent  loss  in  revenue,  relative  to  baseline  payments.  The 
average  percentage  loss  under  that  option  is  1.5  percent.  Under  the  75th  and  50th  percentiles  of 
inefficiency  approaches,  100  percent  of  all  hospitals  experience  losses  in  the  1-10  percent  range. 
The  average  percentage  loss  in  those  categories  are  3.7  percent  for  the  75th  percentile  option,  and 
7.4  percent  for  the  50th  percentile  option. 

Similar  patterns  are  observed  for  the  cost  approaches.  Under  the  90th  percentile  of  costs 
approach,  approximately  89.9  percent  of  all  hospitals  experience  a  loss  in  revenue  in  the  range  of 
1-10  percent,  with  the  average  percentage  loss  at  1.3  percent.  Under  the  75th  and  50th  percentile 
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of  cost  approaches.  100  percent  of  hospitals  experience  a  loss  in  the  1-10  percent  range,  with  the 
average  loss  at  3.7  and  8.7  percent,  respectively.  Under  the  25th  percentile  of  cost  approach,  all 
hospitals  experience  a  loss  in  revenue  in  the  range  of  1 1-20  percent,  with  the  average  loss  at  16.3 
percent.  Therefore,  relative  to  baseline  payments,  facilities  lose  roughly  comparable  levels  of 
revenue  under  the  90th  and  75th  percentiles  of  inefficiency  and  costs  approaches,  but  lose  slightly 
more  under  the  cost  approaches  at  the  50th  and  25th  percentile  levels. 

The  results  presented  in  table  VI- 13  are  fairly  consistently  replicated  in  Appendix  El.  For 
the  most  part,  the  patterns  observed  at  the  aggregate  level,  across  all  hospitals,  are  indicative  of 
those  observed  when  hospitals  are  disaggregated  according  to  any  of  numerous  classification 
schemes. 

Gains/Losses  Relative  to  Hospital- Specific  Costs.  Table  VI- 14  displays  the  results  of  the 
financial  impact  simulations  when  hospital  gains  or  losses  are  measured  relative  to  facility-specific 
costs  rather  than  baseline  payments.  Using  this  metric,  hospitals  may  experience  gains  or  losses 
even  under  the  baseline  system. 

As  shown  in  table  VI- 14,  hospital  losses,  among  those  hospitals  with  losses,  equal  $3.8 
billion  under  our  simulation  of  the  existing  system.  That  is,  baseline  payments,  in  the  aggregate, 
result  in  financial  losses  relative  to  costs,  totaling  $3.8  billion  for  those  hospitals  that  experience 
losses.  Surpluses  across  all  hospitals  experiencing  gains,  total  $6,058  billion  under  the  baseline 
approach.  That  is,  under  our  replication  of  the  existing  system,  payments  to  hospitals 
experiencing  gains,  exceed  those  facilities'  costs  by  $6,058  billion. 

The  net  margin  (surpluses  minus  losses)  across  all  hospitals  under  the  baseline  approach  is 
shown  to  be  $2.3  billion.  Approximately  3.5  percent  of  all  hospitals  receive  payments  roughly 
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equal  to  costs.  Roughly  18  percent  experience  gains  on  the  order  of  1-10  percent;  14  percent 
have  gams  in  the  range  of  1 1-20  percent  of  costs;  nearly  23  percent  of  all  hospitals  have  gains  in 
the  range  of  21  percent  or  more.  Relative  to  costs,  18  percent  of  all  hospitals  experience  losses  in 
the  range  of  1-10  percent  under  our  replication  of  the  existing  system.  Thirteen  percent  of  all 
hospitals  display  losses  in  the  range  of  1 1-20  percent,  while  10.2  percent  of  all  hospitals  have 
losses  in  the  range  of  21  percent  or  more.  On  average,  across  all  hospitals,  baseline  payments 
exceed  costs  by  3.6  percent. 

Under  the  inefficiency  measure  approaches,  the  aggregate  dollar  loss  experienced  by 
losing  hospitals  ranges  from  $4. 1 95  billion  under  the  90th  percentile  of  inefficiency  measure  to 
S9.022  billion  under  the  25th  percentile  of  inefficiency  approach.  Hospital  surpluses  range  from 
S5.5  billion  under  the  90th  percentile  approach  to  $2,488  billion  under  the  25th  percentile 
approach.  The  net  margin  for  those  two  approaches  are  $1,335  billion  (gain)  and  $6,533  billion 
(loss),  respectively.  Moving  from  the  75th  percentile  of  inefficiency  to  the  50th  percentile  of 
inefficiency  approach  results  in  net  losses  across  all  hospitals  jumping  from  $127  million  to  $2.6 
billion.  The  percent  dollar  loss  across  the  inefficiency  approaches  ranges  from  a  gain  of  2. 1 
percent  under  the  90th  percentile  approach  to  a  loss  of  10.2  percent  under  the  25th  percentile 
approach. 

The  percent  of  hospitals  with  a  difference  between  payments  and  costs  of  less  than  one 
percent,  ranges  from  3.3  percent  for  the  50th  percentile  of  inefficiency  approach  to  4.2  percent  for 
the  75th  percentile  of  inefficiency  approach.  Those  with  surpluses  in  the  range  of  1-10  percent 
vary  from  17.9  percent  of  all  hospitals  under  the  90th  percentile  approach,  and  1 1.6  percent  under 
the  25th  percentile  approach.  Nine  percent  of  all  hospitals  have  payments  that  exceed  costs  by 
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21  percent  or  more  under  the  25th  percentile  of  inefficiency  approach,  compared  to  21  percent  in 
the  90th  percentile  approach.  Losses  in  the  1-10  percent  range  under  the  inefficiency  measure 
approaches  account  for  18.3  percent  of  hospitals  under  the  90th  percentile  approach  to  20.3 
percent  under  the  50th  percentile  option.  Losses  in  the  1 1-20  percent  range  are  experienced  by 
14.4  percent  of  all  hospitals  under  the  90th  percentile  option  and  21.2  percent  under  the  25th 
percentile  option.  Losses  in  the  range  of  2 1  percent  or  more  are  experienced  by  1 1 .2  percent  of 
all  hospitals  under  the  90th  percentile  of  inefficiency  option  and  28.2  percent  under  the  25th 
percentile  option. 

Under  the  cost  approaches,  hospital  losses  range  from  $4.15  billion  under  the  90th 
percentile  option,  to  $10,476  billion  under  the  25th  percentile  option,  a  pattern  similar  to  that 
observed  for  the  inefficiency  approaches.  Hospital  surpluses  under  the  cost  approaches  range 
from  $2,022  billion  under  the  25th  percentile  approach  to  $5,581  billion  under  the  90th  percentile 
of  cost  approach.  Net  margin  ranges  from  a  positive  $  1 .429  billion  (net  gain)  under  the  90th 
percentile  approach  to  a  negative  $8,454  billion  (net  loss)  under  the  25th  percentile  approach. 
The  patterns  of  gainers  and  losers  by  percentage  gain  or  loss  are  shown  to  be  fairly  similar  to 
those  observed  for  the  inefficiency  approaches.  Under  the  cost  approach,  however,  there  is  a 
slightly  higher  percentage  of  hospitals  with  losses  in  the  extreme  range  (21  percent  or  more). 
Over  one-third  of  all  hospitals  experience  losses,  relative  to  costs,  of  2 1  percent  or  more  under  the 
25th  percentile  of  cost  option.  Under  that  option,  the  net  percentage  dollar  loss  averages  13.3 
percent. 

Examination  of  appendix  E2  reveals  much  greater  variation  in  the  distribution  of  gainers 
or  losers  relative  to  costs  than  was  observed  when  gains  or  losses  were  measured  relative  to 

g:/6375/lsim.wp  VI-44 


baseline  payments.  For  example,  when  hospitals  are  categorized  according  to  the  relative  level  of 
their  casemix  index,  those  with  CMIs  in  the  0-25th  percentile  (least  severe  casemix  category) 
experience  an  average  surplus  of  12. 1  percent  in  baseline  payments  over  costs.  Those  in  the  25th- 
50th  percentile  have  a  net  gain  of  2.4  percent,  while  those  with  CMIs  in  the  50th-75th  percentile 
have  an  average  loss  of  1.3  percent.  Surpluses  of  1.4  and  8.7  percent  are  experienced  by  those 
facilities  with  CMIs  in  the  75th-90th  percentile  and  90th+  percentile  categories.  In  fact,  across 
the  nine  simulated  payment  approaches,  those  hospitals  with  CMIs  in  the  highest  decile  category 
experience  net  gains  under  all  but  three  approaches  -  25th  percentile  of  inefficiency  and  cost  and 
the  50th  percentile  of  costs.  In  contrast,  those  hospitals  with  CMIs  in  the  50th-75th  percentile 
category  experience  net  losses  under  all  but  one  of  the  nine  payment  approaches. 

Large  differences  are  also  revealed  when  hospitals  are  categorized  according  to  their 
relative  level  of  inefficiency.  The  most  efficient  hospitals,  those  in  the  lowest  25  percent  of  the 
inefficiency  measure,  experience  positive  net  margins  under  each  of  the  nine  payment  approaches. 
The  average  net  surplus  ranges  from  0.9  percent  under  the  25th  percentile  of  cost  approach  to 
20.5  percent  under  the  simulated  baseline  system.  In  contrast,  the  net  percentage  gain  under  the 
25th  percentile  of  inefficiency  approach  is  4.4  percent.  The  average  percent  dollar  loss  is  highest 
among  those  hospitals  with  the  worst  inefficiency  measure  (90th+  percentile).  For  those 
hospitals,  the  average  percentage  loss  ranges  from  14.8  percent  under  the  baseline  system  to  28.8 
percent  under  the  25th  percentile  of  cost  approach. 

Similar  patterns  are  observed  when  hospitals  are  categorized  by  casemix  adjusted  costs. 
As  shown  in  appendix  E2,  large  positive  percentage  gains  are  evident  across  all  nine  payment 
options  for  those  hospitals  with  the  lowest  costs  (0-25th  percentile  of  costs).  In  contrast,  those 
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with  the  highest  costs  (90th+  percentile  of  costs)  experience  large  percentage  losses  across  all  the 
payment  options.  Major  teaching  hospitals  and  those  hospitals  with  the  highest  levels  of  DSH  are 
also  shown  to  be  big  winners  relative  to  costs  under  every  system.  Hospitals  located  in  the 
midAtlantic  and  Pacific  regions  fare  better  than  those  located  in  other  areas.  In  general, 
distributional  patterns  are  fairly  similar  between  the  inefficiency  and  cost  approaches. 
F.  Conclusions 

This  paper  has  presented  alternative  approaches  to  the  calculation  of  the  Medicare 
inpatient  Prospective  Payment  System's  standardized  payment  rate.  Currently,  payment  rates  are 
based  on  the  mean  adjusted  costs  for  a  given  category  of  hospital  (e.g.,  large  urban,  other 
urban/rural).  Under  such  a  system,  high  cost  hospitals  are  penalized,  under  the  assumption  that 
their  costs  are  "out  of  line"  and  reflective  of  presumed  inefficiency. 

As  an  alternative  to  this  approach,  using  a  stochastic  multiproduct  cost  function  model,  we 
have  computed  hospital-specific  levels  of  inefficiency.  These  inefficiency  measures  have  then 
been  used  to  exclude  the  costs  of  inefficient  hospitals  from  the  calculation  of  standardized 
payment  rates.  Thus  we  use  a  direct  measure  of  inefficiency,  rather  than  using  cost  as  a  proxy 
efficiency  measure.  As  shown,  in  this  report,  the  two  (cost  and  efficiency)  are  not  well  correlated. 

The  frontier  cost  function  model  approach  offers  several  conceptual  advantages  over  the 
policy  model  approach  which  forms  the  basis  for  the  existing  payment  system.  The  frontier  cost 
function  approach  does  not  rely  upon  the  arbitrary  model  specification  inherent  in  policy  models. 
In  this  regard,  it  does  not  require  specification  of  dummy  variables  designed  to  serve  as  proxies 
for  omitted  or  unobservable  factors  that  should  have  been  included  in  the  model;  neither  does  it 
include  fixed  inputs  (beds)  or  an  unconventional  measure  of  teaching  output.  It  also  recognizes 
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the  facts  that  hospitals  produce  multiple  outputs  and  experience  joint  production  costs  which  are 
difficult  to  allocate  across  different  types  of  patients.  In  addition,  it  takes  into  account  economies 
and  diseconomies  of  scale  which  may  be  present  over  various  parts  of  the  size  distribution  of 
hospitals,  and  it  also  recognizes  the  costs  of  inputs  other  than  labor. 

We  have  shown  in  this  analysis,  that  use  of  such  an  approach  can  result  in  substantial 
program  savings.  Depending  upon  the  threshold  level  established  for  the  inefficiency  measure, 
program  savings  estimated  here  range  from  SI  billion  to  nearly  $9  billion  (or  a  reduction  in 
payments  ranging  from  1  percent  to  13  percent).  Furthermore,  we  have  demonstrated  that  the 
reductions  in  program  expenditures  are  not  achieved  at  the  expense  of  any  single  group  of 
hospitals,  that  is,  no  group  is  disproportionately  affected  by  the  program  reductions.  Given  the 
current  political  environment  and  the  need  to  achieve  cost  savings  in  the  Medicare  program,  a 
method  which  achieves  significant  savings  by  only  recognizing  the  costs  of  efficient  hospitals  is  of 
potentially  significant  merit  to  policy  makers. 
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Table  VI-1 
Comparison  of  Standard  Amounts 
Actual  vs.  Simulated 


Operating 
Amount 
1991 

Increased 
for 
Outliers 
(X1.058) 

Capital 
Cost  per 
Discharge 
1989 

Estimated 
Capital 
Standard 
1991 

Total  Oper 
Capital 
Standard 
1991 

Increased 
for  Our 
Casemix 
(X1.40) 

Simulated 
Base 
Amount 

Percentage 
Difference 

Large  Urban 

3,503 

3,706 

564 

406 

4,113 

5,758 

5,728 

-0.01 

Other  Urban 

3,447 

3,647 

564 

406 

4,053 

5,675 

5,905 

0.04 
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Table  VI-2 
Distribution  of  Efficiency  and  Cost 
by  Area  Size 


Percentiles 

l  Measure 

Casemix-Adiusted  Cost  per  Discharae 

All 
Hospitals 

Large 
Urban 

Other 
Urban 

Rural 

All 
Hospitals 

Large 
Urban 

Other 
Urban 

Rural 

25th 

0.092 

0.094 

0.093 

0.090 

4,581 

5,885 

5,224 

3,977 

50th 

0.120 

0.121 

0.121 

0.119 

5,593 

6,727 

5,884 

4,620 

75th 

0.154 

0.154 

0.151 

0.155 

6,728 

7,675 

6,706 

5,457 

90th 

0.198 

0.197 

0.190 

0.202 

7,956 

8,759 

7,859 

6,485 

N 

4,814 

1,403 

1,247 

2,164 

5,223 

1,565 

1,338 

2,320 

ECPCT.XLS 


Table  VI-3 


Specifications  and  Parameter  Estimates 
from  Policy  Models  of  Medicare  Average  Cost 
Functions  (Dependent Variable  is  Medicare  Cost  per  Discharge) 


Independent  Variable 

Study 

Pettinail 

i   o  1. 1 1 1  i  y  1 1 

and  Vertrees,  1982 
(1978/79  Data) 

Cottenll,  Bobula,  and 
Cannerton,  1986 
(1981  Data) 

Parameter  (t-stat.) 

Parameter  (t-stat.) 

In  (Medicare  Case-Mix  Index) 

1.081     (23  9) 

1.U12  (23.3) 

In  (Wage) 

1.000  (32.1) 

1 .023  (27.5) 

In  (1+lnterns+Residents  per 
Bed) 

0.569  (13.6) 

0.580  (12.7) 

In  (Beds) 

0.107  (22.0) 

0.119  (24.4) 

Small  City3 

0.002  (0.2) 

0.001  (0.0) 

Medium  City3 

0.037  (3.3) 

0.026  (2.3) 

Large  City3 

0.149  (11.5) 

0.109  (7.8) 

R2 

0.72 

0.72 

Note:  a.  Dummy  Variable 


Table  VI-4 


Instrumental  Variable  Equations 
for  Labor  and  Capital  Input  Prices 


Variables'1 

Parameter  Values  ( t-statistic) 

A  vprs  of* 

Salary 
per  FTE 

Interest  arid  Depreciation 
Expense  per  Bed 

Intercept 

21008.0  (125.1) 

10070.0  (32.2) 

MSA  (Pop  <  100.000) 

3240.2  (6.7) 

8952.0  (10.1) 

MSA  (Pop  100,000  to  250.000) 

2631.3  (12.9) 

6146.1  (16.1) 

MSA  (Pop  250.000  to  500.000) 

3524.0  (15.8) 

5692.0  (13.8) 

MSA  (Central  City,  Pop  500.000  to  1.000.000) 

4235.2  (11.1) 

8001.5  (11.1) 

MSA  (Suburb,  Pop  500,000  to  1,000,000) 

3437.3  (19.3) 

5316.6  (12.2) 

MSA  (Central  City,  Pop  1 ,000.000  to 
~>  500  000 \ 

5308.7  (18.1) 

7151.0  (13.4) 

\ /f  C  a  /CiikurU            i  Ann  r\r\r\  * „  ">  cr\r\  r\r\r\ \ 

MjA  (oUDurt),  rop  1,000,000  to  2,500,000) 

4928.9  (21.7) 

6951.9  (16.8) 

ivi^A  (central  L.ity,  rop  >  z,j00,000) 

6760.5  (20.8) 

6336.5  (11.4) 

\/f  Q  A     /  C,,k,,rk      Dsin           ")    CAA  AAA\ 

M3A  (oUOUrD,  rOp  >  Z,j00,000) 

6619.2  (24.4) 

6909.5  (19.4) 

nasi  iNonn  central 

1374.2  (6.5) 

1984.7  (5.1) 

cast  ooum  central 

-305.0  (-1.2) 

1525.2  (3.4) 

iviia-/\iianuc  Atlantic 

2109.5  (8.4) 

1408.6  (3.1) 

\A  f~\  1 1  n  1 1 1  r\ 

iviuuniain 

1911.6  (7.3) 

3313.0  (6.6) 

iNonn  cast 

6021.6  (18.6) 

2879.2  (9.9) 

Pacific 

4274.0  (17.8) 

3487.0  (8.1) 

South  Atlantic 

1351.0  (6.3) 

3273.2  (8.3) 

west  csoutn  central 

-118.3  (-0.5) 

1721.7  (4.3) 

city  KanK  (Largest  lUU  cities) 

13.3  (2.9) 

15.8  (1.9) 

ruuiiL  wwricrsnip 

-1054.2  (-7.4) 

-3944.8  (-15.3) 

Proprietary  Ownership 

-174.2  (-1.0) 

1483.9  (4.8) 

COTH  Member 

1925.9  (7.0) 

4602.6  (9.2) 

R: 

46.34 

34.34 

N 

4.619 

4,619 

Mean  of  Dependent  Variable 

24,568.1 

15,022.6 

Note:  a.  Except  for  City  Rank,  all  variables  are  dichotomous. 


Table  VI-5 

Hospital  Characteristics,  by  Inclusion  Status 
for  Frontier  Cost  Function 


included 

Excluded 

M 
IN 

A    O  A  A 

4,814 

407 

Medicare  Discharges 

2,032 

1,371 

NonMedicare  Discharges 

4,009 

3,543 

Medicare  Case-Mix-Index 

0.87 

0.84 

NonMedicare  Case-Mix-Index 

0.89 

0.95 

HCFA  Wage  Index 

0.91 

0.95 

Average  Salary  per  FTEa 

22,396 

24,947 

Interest  and  Depriciation 
Expense  per  Bed3 

14,966 

14,244 

Interns  and  Residents  per  Bed 

0.29 

0.80 

Total  Costs  (Smillions) 

26.46 

32.04 

Table  VI-6 


Means  and  Standard  Deviations  of 
Cost  Function  Variables  and  Underlying 
Variables  (N=4,814) 


Symbol 

Name 

Mean 

^nstiiral  lr\n\ 
llldtUFdl  luy) 

Std. 
uev. 

Underlying  Variab 

es 

TC 

Total  Cost  (Smillions) 

£.OOU 

1 .487 

QM 

Medicare  Discharges  (1,000s) 

U.  I  I  u 

1 .220 

QN 

NonMedicare  Discharges  (1,000s) 

n  en 
U.OI  1 

1 .534 

CM 

Medicare  Case-Mix-Index 

-U. I D£ 

0.165 

CN 

NonMedicare  Case-Mix-Index 

-U.  loo 

0.214 

W 

Average  Salary  for  FTEa 

o.(Jy2 

0.183 

R 

Interest  and  DeDreciation  ExDen«?p  npr  RpH3 

^.o4  I 

0.377 

THC 

1+(lnterns  and  Residents  Der  BpH^ 

0.075 

Cost  Function  Var 

ables 

Z 

TC-R 

-U.£Ol 

1 .257 

X1 

(QM*CM) 

-U.U4  I  o 

H     O  /IP 

1 .346 

X2 

(QN*CN) 

U.O /  o 

1 .527 

X3 

(W-R) 

n  /ici 

0.286 

X4 

(X1  )2/2 

o  QOR 

i    O  A  A 

1 .244 

X5 

xrx2 

I  .sou 

2.547 

X6 

(X2)2/2 

1.392 

1.712 

X7 

[(W2-R2)/2] 

1.239 

0.705 

X8 

[W*R-(R2/2)] 

4.653 

0.638 

X9 

(X1*W-X2*R) 

-1.418 

1.922 

X10 

(X1-X2)*R 

-1.194 

1.934 

X11 

(W-R)*X2 

-0.0895 

0.898 

TCH 

1+(lnterns  and  Residents  per  Bed) 

0.025 



0.075 

Note:  a.  Instrumental  Variable 


Table  VI-7 


Parameter  Estimates  for  The 
Stochastic  Multiproduct  Cost  Function, 
OLS  and  Frontier  (N=4,814) 


Variable 

OLS 

Frontier 

Intercept 

-0.754  (12.7) 

-0.872  (14.9) 

X1  (QM+CM) 

0.562  (6.5) 

0.604  (9.2) 

X2  (QN+CN) 

0.386  (4.5) 

0.349  (5.3) 

X3  (W-R) 

1.810  (10.3) 

1.797  (10.5) 

X4  X12/2 

0.202  (27.3) 

0.194  (48.6) 

X5  X1*X2 

-0.177  (30.8) 

-0.173  (52.3) 

X6  X22/s 

0.182  (24.7) 

0.179  (42.0) 

X7  (W2-R2)/2 

-0.376  (5.6) 

-0.371  (5.7) 

X8  (W*R)-(R2/2) 

-0.21 6E-1  (1.6) 

-0.247E-1  (1.9) 

X9  (X1*W)-(X2*R) 

0.796E-2  (0.2) 

-0.978E-2  (0.4) 

X10  (X1-X2)*R 

-0.256E-1  (1.1) 

-0.182E-1  (1.0) 

X11  (W-R)*X2 

0.174E-1  (0.5) 

0.327E-1  (1.2) 

TCH  ln(1+IR/Beds) 

0.303  (7.8) 

0.299  (8.9) 

Adj.  R2 

0.972 

ouova 

0.968 

Note:  a.  The  ratio  of  the  portion  of  the  total  variance  due  to  inefficiency  to  the  portion  due  to 
random  factors. 


Table  VI-8 
Hospital  Charactistics 
by  Efficiency  Percentile 
within  Geographic  Group 


Characteristic 

All 
Hospitals 

Percentile 

0-25th 

25-50th 

50-75th 

75-90th 

30th+ 

Number  of  Hospitals 

4.814 

1.203 

1.205 

1.204 

722 

480 

Cost/Efficiency  Measures 

Cost  per  Discharge 

5.065 

4.118 

4,857 

5.264 

5.754 

6.422 

Casemix-Adjusted  Cost  per  Discharge 

5.738 

4.789 

5.406 

5.872 

6.414 

7.601 

Standardized  Cost  per  Discharge 

5.868 

4.892 

5.538 

6.010 

6.555 

7.752 

Efficiency  Measure 

0  13 

0.08 

0.11 

0.14 

0.17 

0.26 

Occupancy  Rate 

0.56 

0.57 

0.58 

0.57 

0.55 

0.50 

Ratio  of  Outpatient  Visits  to  Admissions 

12.25 

12.42 

11.79 

12.10 

12.06 

13.67 

Geographic  Location 

Region 

New  England 

0.04 

0.04 

0.05 

0.04 

004 

0.04 

Middle  Atlantic 

0  10 

0.15 

0  10 

0.10 

006 

0.04 

South  Atlantic 

0  15 

0.14 

0  16 

0.15 

0.15 

0.18 

East  North  Central 

0.16 

0.14 

0.17 

0.17 

0.18 

0.10 

East  South  Central 

0.09 

0.09 

0.07 

0.10 

0.10 

0.08 

West  North  Central 

0.14 

0.12 

0.15 

0.15 

0.16 

0.15 

West  South  Central 

0  14 

0  13 

0.1 3 

0  13 

0.15 

0.20 

Mountain 

0.07 

0.08 

0.06 

0.06 

0.05 

0.06 

Pacific 

0.12 

0  12 

0  10 

0.11 

0.13 

0.15 

Geographic  Location 

Large  Urban 

0.29 

0.29 

0.29 

0.29 

0.29 

0.29 

Other  Urban 

0.26 

0.26 

0.26 

0.26 

0.26 

0.26 

Rural 

045 

0.45 

0.45 

0.45 

045 

0.45 

Ownership 

Not  For  Profit 

0.59 

0.59 

0.61 

0.63 

0.58 

046 

For  Profit 

0.14 

0  14 

0.13 

0.12 

0.14 

0.20 

Urban  Government 

0.07 

0.07 

0.07 

0.06 

0.09 

0.10 

Rural  Government 

0.20 

0.19 

0.20 

0  18 

0  20 

0.24 

Bedsize 

Bedsize 

168 

139 

175 

187 

187 

149 

Rural 

<50  Beds 

0.11 

0.16 

0.10 

0.09 

0.09 

0.10 

50-99  Beds 

0.16 

0.16 

0.16 

0.15 

0.15 

0.21 

100-149  Beds 

0.12 

0.11 

0  13 

0  13 

0.12 

0.12 

150-199  Beds 

0.12 

0.10 

0.13 

0.13 

0.13 

0.09 

200+  Beds 

0.04 

0.03 

0.05 

0.05 

0.05 

0.03 

Urban 

< 1 00  Beds 

0  19 

0.23 

0  18 

0  15 

0.15 

0.23 

100-199  Beds 

0  15 

0.15 

0.15 

0.15 

0  16 

0.13 

200-299  Beds 

0  06 

0.05 

0  07 

0.08 

0.05 

005 

300-499  Beds 

0.03 

0.02 

0.03 

0.04 

0.04 

0.02 

500+  Beds 

0.03 

0.01 

0.03 

0.03 

0.05 

0.03 

Medical  Staff 

%  Medical  Specialty 

0.15 

0.14 

0.15 

0.16 

0.16 

0.15 

%  Surgical  Specialty 

0.14 

0.12 

0  14 

0.15 

0.15 

0.14 

%  Pnmary  Care 

0.47 

0.48 

0.46 

0.46 

0.46 

0.48 

Teaching 

0-20th  Percentile 

021 

0.18 

0.27 

0.18 

0.23 

0.21 

20-40th  Percentile 

0.21 

0  19 

0.24 

0.21 

0.18 

0.23 

40-60th  Percentile 

0  21 

0.26 

0.19 

0.22 

0.17 

0.18 

60-80th  Percentile 

0.20 

0.20 

0.15 

0.23 

0.23 

0.21 

80-1 00th  Percentile 

0.17 

0.18 

0.15 

0.17 

0.19 

0.16 

Teaching  Status 

Major 

0.03 

0.03 

0.03 

0.04 

0.04 

0.03 

Minor 

0  18 

0.15 

0.19 

0.19 

0.19 

0  18 

Non 

0.79 

0.83 

0.78 

0.77 

0.77 

0.79 
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Table  VI-8  (cont) 
Hospital  Charactistics 
by  Efficiency  Percentile 
within  Geographic  Group 


Characteristic 

All 
Hospitals 

Percentile 

0-25th 

OR  Cn*K 

50-75Th 

75-90th 

90th+ 

Patient  Characteristics 

Casemix 

Casemix  Index 

0.87 

U.OO 

0.8E 

0.88 

0.89 

0.85 

Casemix  Deciles 

0-25th  Percentile 

0.23 

n  1 1 

0.21 

0.18 

0.18 

0.29 

25-50th  Percentile 

0.26 

\J.df 

0.27 

0.26 

0.25 

0.20 

50-75th  Percentile 

0.26 

0.25 

0.25 

0.28 

0.28 

0.28 

75-90th  Percentile 

0.16 

0.1 1 

0.16 

0.18 

0.17 

0.18 

Highest  Decile 

0.09 

0.07 

0.12 

0.10 

0.12 

0.05 

Disproportionate  Share 

°=  Medicaid 

0.14 

0.15 

0.14 

0.14 

0.14 

0.14 

%  Medicare 

0.41 

0.42 

0.42 

0.41 

0.40 

0.37 

DSH  Percentiles 

0-20tn  Percentile 

0.20 

0.1 8 

0.20 

0.20 

0.21 

0.23 

20-40th  Percentile 

0.20 

0.18 

0.22 

0.20 

0.21 

0.21 

40-60th  Percentile 

0.20 

0.21 

0.21 

0.21 

0.20 

0.16 

60-80th  Percentile 

0.20 

0.21 

0.20 

0.21 

0.19 

0.18 

80-  100th  Percentile 

0.20 

0.22 

0.17 

0.18 

0.20 

0.23 

TeachmQ  and  DSH  Interaction 

Teaching  and  DSH 

0.11 

0.09 

0.1 1 

0.12 

0.13 

0.12 

Teacninq,  not  DSH 

0.10 

0.09 

0.11 

0.11 

0.10 

0.09 

DSH.  not  Teaching 

0.21 

0.23 

0.20 

0.22 

0.18 

0.22 

Not  DSH  not  Teaching 

0.58 

0.59 

0.58 

0.55 

0.59 

0.57 

Area  Population  Characteristics 

Income 

$16,022 

$15,848 

S 1 6  077 

$16,071 

$16,189 

%  Uninsured 

0.14 

0.14 

0.14 

0.14 

0.14 

0.15 

%  Below  100%  of  Poverty 

0.14 

0.14 

0.14 

0.14 

0.14 

0.15 

Percentage  >84 

0.01 

0.01 

0.01 

0.01 

0.01 

0.01 

Rural  Hospital  Types 

Sole  Community  Hospital 

0.13 

0.13 

0.12 

0.12 

0.13 

0.17 

Rural  Referral  Center 

0.05 

0.03 

0.05 

0.07 

0.08 

0.04 

Health  Care  Market  Characteristics 

Malpractice  Index 

0.88 

0.85 

0.88 

0.88 

0.93 

0.92 

HMOs  per  100.000 

0.16 

0.17 

0.17 

0.16 

0.16 

0.15 

ST  General  Hosp  per  1 .000 

0.04 

0.04 

0.04 

0.03 

0.04 

0.04 

ST  General  Hopsital  beds  per  1 .000 

4  22 

4  18 

4.24 

4.20 

4.25 

4.24 

Medicaid  Certified  NH  Beds  per  1 .000 

7.58 

7.66 

7.78 

7.61 

7.40 

7.08 

Medicare  Certified  NH  Beds  per  1 .000 

1.47 

1.54 

1.49 

1.50 

1.421.  1.23 
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Table  VI-9 
Hospital  Charactistics  by  Percentile  of 
Casemix-Adiusted  Cost  per  Discharge 
within  Geographic  Group 


Characteristic 

All 

HncrMta  Ic 
nuo|Jl[dlb 

Percentile 

0-25th 

25-50th 

50-75th 

75-90th 

90th+ 

Number  of  Hospitals 

4  81^ 

1.203 

1.205 

1.204 

722 

480 

Cost/Efficiency  Measures 

Cost  per  Discharge 

^  nfic; 
D.UD5 

3.720 

4.678 

5.401 

6.080 

7.291 

Casemix-Adjusted  Cost  per  Discharge 

3  /  Jc 

4.342 

5.220 

5.951 

6.845 

8.740 

Standardized  Cost  per  Discharge 

□  .oOC 

4.645 

5.457 

6.080 

6,782 

8.387 

Efficiency  Measure 

n  1  q 

U.  i  J 

0.09 

0.12 

0.14 

0.16 

0.22 

Occupancy  Rate 

n  e;g 

0.55 

0.57 

0  57 

0.58 

0.53 

Ratio  of  OlltnstlPnt  ViQltQ  tn  AHmiccmnc 

11.87 

11.41 

11.97 

13.55 

14.51 

Geographic  Location 

Rpnmn 

Mow  FnnlanH 
i  luw  1 1  i  y  i  a j  \\j 

0.04 

0.01 

0.03 

0.05 

0.07 

0.09 

M  irirtlp  Atla  ntio 

0-10 

0.09 

0.09 

0.10 

0.13 

0.11 

South  Atlantir 

0.15 

0.15 

0.16 

0.15 

0.16 

0.12 

Fac;t  Mnrin  Ppntral 

Laol  l<IU1  I' 1  UBIHIqI 

0.16 

0.13 

0.16 

0.19 

0.16 

0.12 

Fast  Smith  Ppntral 

0.09 

0.13 

0.10 

008 

0.04 

0.05 

0.14 

0.18 

0.16 

0.13 

0.11 

0.09 

VA/pQf  Sni  ith  Ppntral 

0.14 

0.19 

0.14 

0.12 

0.11 

0.14 

ivlUUf  Hall  1 

0.07 

0.06 

0.07 

0.06 

0.06 

0.09 

Pacific 

0.12 

0.07 

0.10 

0.13 

0.16 

0.21 

Piwnprchm 

TV  1  Id  Ol  IIU 

Not  For  Profit 

i»^i  f  ui  r  i  um 

0.59 

0.53 

0.63 

063 

0.63 

0.51 

For  Profit 

1   ul    1    1  \J  1 1 1 

0.14 

0.14 

0.13 

0.15 

0.14 

0.16 

1  Irhan  (inuommont 
uiuan  uuvci  i  ii  i  tci  il 

0.07 

0.11 

0.06 

0.06 

0.07 

0.07 

Ri  iral  (nriuommont 
nuioi  uuvci i ii 1 1 ci H 

0.20 

0.22 

0.19 

0.17 

0.17 

0.26 

Rpri^i7P 

BmiitiTJi 

1 68 

134 

172 

185 

190 

161 

Rural 

^■CO  RpHc 

0.11 

0.20 

0.08 

0.09 

0.09 

0.10 

QO-QQ  RprlQ 

JU  33  DCUo 

0.16 

0.16 

0.18 

0.14 

0.15 

0.17 

1  00-1  4Q  Rprtc 

0.12 

0.11 

0.13 

0.13 

0.12 

0.08 

1  50-1  QQ  RpHq 

0.12 

0.08 

0.13 

0.14 

0.11 

0.12 

200+  Beds 

n  r\A 
U.U4 

0.03 

0.04 

0.05 

0.06 

0.06 

Urban 

<100  Beds 

n  1  o 

u.  i  y 

0.22 

0.18 

0.14 

0.15 

0.29 

100-199  Beds 

n  1  c 

U.  I  0 

0.16 

0.15 

0.16 

0.13 

0.12 

200-299  Beds 

n  nc 

0.03 

0.07 

0.07 

0.08 

0.04 

300-499  Beds 

n  m 

0.01 

0.03 

0.04 

0.05 

002 

500+  RprJq 

n  no 
U.UJ 

0.01 

0.01 

0.04 

0.06 

0.03 

Medical  Staff 

%  Medical  Specialty 

0.15 

0.13 

0.15 

0.16 

0.17 

0.16 

%  Surgical  Specialty 

0.14 

0.12 

0.15 

0.15 

0.16 

0.14 

%  Primary  Care 

0.47 

0.51 

0.47 

0.45 

0.44 

0.48 

Teaching 

0-20th  Percentile 

0.21 

0.25 

0.29 

0.21 

0.13 

0.13 

20-40th  Percentile 

0.21 

0.29 

0.22 

0.24 

0.13 

0.13 

40-60th  Percentile 

0.21 

0.19 

0.24 

0.20 

0.20 

0.16 

60-80th  Percentile 

0.20 

0.10 

0.16 

0.19 

0.29 

0.28 

80-100th  Percentile 

0  17 

0.16 

0.09 

0.15 

0.25 

0.29 

Teaching  Status 

Major 

0.03 

0.02 

0.02 

0.03 

0.05 

0.09 

Minor 

0.18 

0.11 

0.19 

0.21 

0.19 

0.22 

Non 

0.79 

0.87 

0.79 

0.76 

0.76 

0.69 
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Table  VI-9  (con't) 
Hospital  Charactistics  by  Percentile  of 
Casemix-Ad|usted  Cost  per  Discharge 
within  Geographic  Group 


Characteristic 

All 
Hospitals 

Percentile 

0-25tn 

25-50th 

50-75th 

75-90th 

90th+ 

Patipnt  dharartpn^tirc 

i    unci  II  w<  lul  rJLiC   1 0 

WuOwl  MIA 

oobC'  MX.  liltjcX 

0.87 

0.84 

0.88 

0.90 

0.88 

0.84 

waSCHIIA 

0.23 

0.33 

0.21 

0.15 

0.19 

0.33 

0.26 

0.27 

0.25 

0.27 

0.24 

0.23 

^n.7*sth  Par^anti  1  a 

du  » 3in  rercenuie 

0.26 

0.21 

0.28 

0.28 

0.31 

0.23 

/o-yuin  rercentiie 

0.16 

0.12 

0.15 

0.17 

0.18 

0.16 

Highest  DecilG 

0.09 

0.07 

0.11 

0.12 

0  08 

0.05 

Disproportionat6  Share 

o  FvieQicaiQ 

0.14 

0.15 

0.14 

0.14 

0.14 

0.15 

%  Medicare 

0  41 

0.43 

0.42 

0  40 

0.39 

0  37 

Uon  percentiles 

u-^uin  rercentiie 

0.20 

0.18 

0.22 

0.18 

0.21 

0  21 

"V^  I    iritis  IjApf^nndlA 

£:U-4(j"n  percentile 

0.20 

0.18 

0.21 

0.23 

0.19 

0  21 

4U-DUin  rercentiie 

0.20 

0.18 

0.20 

0.23 

0.23 

0  17 

ou-outn  rercentiie 

0.20 

0.21 

0.20 

0.20 

0.20 

0  20 

oQ-iOOth  Percentile 

0  20 

0.25 

0.18 

0.16 

0.17 

0.22 

Teaching  and  DSH  Interaction 

i  eacning  ana  Uon 

0.11 

0.07 

0.10 

0.12 

0.13 

0  1 9 

Teaching,  not  DSH 

0.10 

0.06 

0.11 

0.12 

0.1 1 

0  1? 
U.  1  c. 

Uon.  not  i  eacning 

0.21 

0.28 

0.23 

0.19 

0.17 

0  14 

Not  UbH.  not  leaching 

0.58 

0.60 

0.57 

0.57 

0.59 

0  56 

Area  Population  Charactenstics 

Income 

S16.022 

S15.319 

$15,822 

$16,173 

$16,542 

$17,278 

%  Uninsured 

0  14 

0.14 

0.14 

0.14 

0.14 

0.15 

%  Below  100%  of  Poverty 

0.14 

0.15 

0.14 

0.14 

0.14 

0  14 

Percentage  >84 

0.01 

0.01 

0.01 

0.01 

0.01 

0.01 

Rural  Hospital  Types 

Sole  Community  Hospital 

0.13 

0.11 

0.12 

0.12 

0.15 

0.23 

Rural  Referral  Center 

0.05 

001 

0.04 

0.07 

0.10 

0.03 

Health  Care  Market  Characteristics 

Malpractice  Index 

0.88 

0.82 

0.86 

0.91 

0.94 

0.97 

HMOs  per  100.000 

0.16 

0  17 

0.16 

0.17 

0.15 

0.16 

ST  General  Hosp  per  1 .000 

0.04 

0.04 

0.04 

003 

0.03 

0.04 

ST  General  Hoosital  beds  per  1 .000 

4.22 

4.37 

4.34 

4.17 

3.97 

3.96 

Medicaid  Certified  NH  Beds  per  1 .000 

7.58 

8.01 

7.93 

7.44 

6.95 

6.83 

Medicare  Certified  NH  Beds  per  1 ,000 

1.47 

1.34 

1.37 

1.52 

1.64 

1.66 
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Table  VI-10 
Comparison  of  Payments  per  Discharge 
by  Hospital  Type 


Payments  per  Discharge 

Payments  as  a  Percentage  of  Baseline 

Our  Cost 

File 
Discharges 

Number 
ol 

Hospitals 

Baseline 

E 

ased  on  ^ 

lost  btfici 

3nt 

Based  on  Least  Costly 

Based  on  Most  Efficient 

Based  on  Least  Costly 

90% 

75% 

50% 

25% 

90% 

75% 

50% 

25% 

90% 

75% 

50% 

25% 

90% 

75% 

50% 

25% 

Standard  Amounts 

Large  Urban 

5,728 

5,649 

5,517 

5,335 

5,039 

5,669 

5,542 

5,260 

4.817 

0  986 

0.963 

0.931 

0.880 

0.990 

0968 

0.918 

0  841 

Other  Urban  and  Rural 

5,905 

5,815 

5,692 

5,435 

5,028 

5,807 

5,649 

5.359 

4,915 

0985 

0.964 

0.920 

0  851 

0983 

0.957 

0908 

0832 

All  Hospitals 

6,387 

6,294 

6,153 

5,912 

5,533 

6,303 

6,149 

5,834 

5,348 

0  985 

0.963 

0.926 

0.866 

0.987 

0  963 

0913 

0837 

10,343,526 

5,223 

Geographic  Location 

Large  Urban 

7.363 

7,261 

7,089 

6,855 

6,476 

7,289 

7, 1 29 

6,767 

6,197 

0  986 

0  963 

0.931 

0  880 

0  990 

0968 

0.919 

0842 

4,609,571 

1,565 

Other  Urban 

6,338 

C  OA  1 

6,108 

5,831 

5,402 

6,233 

6,062 

5,751 

5,277 

0  985 

0  964 

0.920 

0.852 

0.983 

0.957 

0  907 

0833 

3,673.240 

1 .338 

RRC 

4,815 

4,741 

4,641 

4,43C 

4,104 

4,736 

4,607 

4,370 

4,010 

0.985 

0.964 

0.920 

0.852 

0.984 

0.957 

0  908 

0  833 

681,790 

245 

SCH 

4,155 

4,091 

4,004 

3,822 

3,543 

4,087 

3,975 

3,770 

3,458 

0.985 

0.964 

0  920 

0.853 

0.984 

0957 

0.907 

0832 

340,264 

567 

Other  Rural 

3,996 

O  OOA 

3,676 

3,403 

3,930 

3,824 

3,627 

3,327 

0  984 

0.963 

0  920 

0852 

0  984 

0.957 

0.908 

0833 

1,038,661 

1,508 

Teachinq  Status 
  —   

Mapr 

10,644 

10,494 

10,252 

9,887 

9,304 

10,521 

10,278 

9,754 

8,938 

0  986 

0  963 

0  929 

0874 

0  988 

0966 

0916 

0  840 

1,1 17,953 

212 

Minor 

6,813 

6,71 4 

6,563 

6,308 

5,908 

6,724 

6,561 

6,225 

5,706 

0  986 

0  963 

0  926 

0  867 

0  987 

0.963 

0914 

0837 

3,565.610 

926 

Non 

5,279 

d.Vod 

4,o/a 

4,553 

5,205 

5,073 

4,814 

4,413 

0  985 

0  963 

0  924 

0  862 

0.986 

0.961 

0912 

0836 

5.659,963 

4,085 

DSH  Status 

DSH  Large  Urban 

8,446 

8. 1 32 

7,862 

7,426 

8,361 

8,176 

7,760 

7,105 

0.986 

0  963 

0.931 

0.879 

0  990 

0.968 

0919 

0  841 

2,088,250 

671 

DSH  Other  Urban 

6,783 

6,678 

6,536 

6,240 

5,778 

6,671 

6,489 

6,155 

5,647 

0  985 

0  964 

0  920 

0  852 

0  983 

0957 

0907 

0833 

1,808,21 1 

613 

DSH  Rural 

4,332 

3.983 

3,683 

4,260 

4,146 

3.932 

3,607 

0  984 

0  963 

0  919 

0850 

0  983 

0.957 

0  908 

0833 

436,210 

425 

NonDSH 

5,702 

5,276 

4,936 

5,626 

5,487 

5,206 

4,773 

0  985 

0  963 

0  925 

0  866 

0  987 

0.962 

0913 

0.837 

6,010,855 

3,514 

Bedsize  --  Urban 



<100 

4,999 

4,y2o 

4,816 

4,623 

4,321 

4,931 

4,808 

4,562 

4,182 

0  985 

0  963 

0.925 

0  864 

0.986 

0.962 

0913 

0.837 

406,281 

646 

100-199 

5,874 

K  7QQ 

c  eco 
0,000 

5,440 

5,097 

5,798 

5,658 

5,368 

4,919 

0  985 

0  963 

0  926 

0868 

0.987 

0963 

0.914 

0837 

1,375.319 

816 

200-299 

6,281 

C  IQ1 

o,  jy  i 

6,051 

5,819 

5,455 

6,201 

6,051 

5,742 

5,264 

0  986 

0  963 

0.926 

0868 

0  987 

0963 

0.914 

0838 

1.927.408 

616 

300-399 

6,786 

6,687 

6,537 

6,284 

5,885 

6.698 

6,535 

6,202 

5.685 

0  986 

0  963 

0  926 

0.867 

0  987 

0963 

0914 

0838 

1,648,031 

384 

400-499 

7,230 

7,125 

6,964 

6,697 

6,277 

7,137 

6,965 

6610 

6,060 

0  985 

0.963 

0.926 

0868 

0.987 

0.963 

0914 

0838 

1,072,366 

202 

500  + 

8,670 

8,545 

8,348 

8.039 

7,547 

8.565 

8,362 

7,934 

7,268 

0.986 

0  963 

0.927 

0870 

0.988 

0964 

0915 

0  838 

1,853,406 

239 

Bedsize  --  Rural 

<50 

3,681 

O  P.OA 
0,0*1 «+ 

0,0*1  / 

0,00/ 

o,  1  Jb 

3,621 

3,523 

3,342 

3,065 

0  985 

0.964 

0  920 

0.852 

0.984 

0957 

0  908 

0833 

287,584 

1.005 

50-99 

4,017 

o.yoo 

J.oVU 

3,695 

3,422 

3,951 

3,843 

3,646 

3,345 

0  985 

0  964 

0  920 

0852 

0  984 

0  957 

0908 

0833 

564,374 

755 

100-149 

4,307 

A  1AC\ 

vi  1  c;n 

O  QCQ 

o  C7n 
o,o/U 

4,236 

4,120 

3,908 

3,586 

0  985 

0  964 

0  920 

0.852 

0984 

0.957 

0  907 

0833 

443,898 

296 

150-199 

4,481 

A  A  1  O 

/(  HQ 

H,  J  1  O 

4,121 

3,818 

4,406 

4,286 

4,065 

3,730 

0  985 

0  964 

0  920 

0852 

0  983 

0.957 

0.907 

0832 

310,197 

137 

200+ 

4,883 

A  HHP 

A  AQO 

A  1  C  1 
4,  IDI 

a  om 

4,672 

4,431 

4,066 

0  985 

0  964 

0  920 

0  852 

0  983 

0957 

0.907 

0833 

454,662 

127 

Region 



New  Enqland 

6,928 

6  835 

D.Do  1 

O,*tiio 

o,uuo 

6,828 

6,663 

6,322 

5,793 

0  987 

0.964 

0  927 

0.867 

0  986 

0.962 

0913 

0836 

562,359 

223 

Middle  Atlantic 

7,244 

7  1  AO 

u.yo  j 

D,  / £D 

7, 1 58 

6,988 

6,631 

6,077 

0  986 

0  964 

0929 

0874 

0  988 

0.965 

0915 

0  839 

1,852,238 

518 

South  Atlantic 

6,119 

D,u  i  y 

c;  Q7Q 

K  RAT 
0,04/ 

5,272 

6,034 

5,876 

5,581 

5,1 15 

0  984 

0.961 

0  923 

0.862 

0.986 

0960 

0912 

0836 

1,883,407 

795 

ENC 

6,167 

O.vot 

5,369 

6,089 

5,942 

5,640 

5,177 

0  987 

0  965 

0  928 

0.871 

0.987 

0.964 

0.915 

0  840 

1.807,783 

802 

ESC 

5,283 

EL  r\QQ 

4,868 

4,498 

5,201 

5,080 

4,815 

4,41 1 

0.985 

0  963 

0.921 

0851 

0985 

0962 

0912 

0835 

843,280 

457 

WNC 

5,740 

£  cc<+ 

o,b<:/ 

5,305 

4,954 

5,666 

5,528 

5,250 

4,818 

0  985 

0  963 

0.924 

0863 

0987 

0963 

0.915 

0839 

817,591 

728 

WSC 

5,707 

t>,D  1  / 

4,889 

5,623 

5,476 

5,184 

4,743 

0.984 

0962 

0.921 

0857 

0985 

0.959 

0  908 

0  831 

1,106.569 

734 

Mountain 

6,010 

5,923 

5,793 

5,554 

5.199 

5,928 

5,786 

5,484 

5,029 

0.986 

0964 

0.924 

0865 

0  986 

0.963 

0912 

0.837 

407,1 15 

342 

Pacific 

7,686 

7,577 

7,406 

7.133 

6,697 

7,593 

7,412 

7,033 

6,444 

0.986 

0  963 

0928 

0.871 

0  988 

0.964 

0.915 

0838 

i  nfn  iH/i 

1  ,UDJ,  1  O4* 

Kid** 

Ownership 

NFP 

6,516 

6,422 

6,277 

6,035 

5.654 

6,431 

6,275 

5,955 

5,458 

0986 

0.963 

0926 

0868 

0  98/ 

0  963 

0  914 

0  838 

7.737.975 

3,050 

FP 

5,916 

5,825 

5.694 

5,466 

5,105 

5,835 

5,690 

5,397 

4,944 

0985 

0  962 

0.924 

0.863 

0986 

0962 

0  912 

0  836 

1.139.840 

755 

Urban  Gov 

7,663 

7,547 

7,377 

7,085 

6,621 

7,559 

7,371 

6.994 

6,411 

0985 

0.963 

0  925 

0864 

0986 

0.962 

0  913 

0837 

832,939 

403 

Rural  Gov 

3,990 

3,928 

3.844 

3,671 

3,398 

3,926 

3,819| 

3.622 

3,323 

0984 

0963 

0.920 

0  851 

0.984 

0.957 

0908 

0833 

632,772 

1,015 

632,772 
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Table  VI- 11 
Comparison  of  Aggregate  Payments 
by  Hospital  Type 


Baseline 
Simulated 
Payment 

bimulated  h 

ayment  Amounts  E 

lased  on  Most  Efficient  Hospitals 

Savings  as  a  Percentage 
of  Baseline  Payments 

Percentage 
of 

Discharges 

Percentage 
of 

Hospitals 

Amount 

90% 

75% 

50% 

25% 

90% 

75% 

50% 

25% 

All  Wncnitalc 
Mil  FiUoUlldlo 

RR  1T1R7  QC1  CQ1 

dd,ud/,odi  ,by/ 

cc  ino  itj  ftci 
bo,  i  (Jo, 203,05*; 

63, 640, 463, 49* 

61,152,749,74: 

57,233,797,295 

0.01 

0.04 

0.07 

0.13 

10.343.526 

5.223 

vjaKuy i dpi LULdiiori 

LdiytJ  UiUdll 

99  OQQ  QO/1  Oon 

oo,  yoo,oV4,yyi 

no  /*co  ceo  *  nc 

oo,4bo,ODo,  1  9t3 

32,678,731 ,758 

31,596,804,164 

29,853,183,916 

0.01 

0.04 

0  07 

0.12 

0.45 

0.30 

Olhpr  1  Jrhan 

99  9R1  ^R  OOP 

99  Q99  CQQ  QAA 

OO    /IDC    <OD    1  CO 

cV,4oo,4*!o,  16*: 

21,417,076,143 

19,842,194,511 

0  02 

0.04 

0.08 

0.15 

0.36 

0  26 

RRC 

9  9P.9  npQ  7m 

9  OOO  cn  oo^ 

3,163,864,345 

3,020,260,558 

2,797,936.243 

0.02 

0.04 

008 

0.15 

007 

0  05 

SCH 

1419  RQO  49P. 

1  1QO  1  OC  70Q 
1  ,09*1,  1  £.0, 1  C.Z 

1  ,ob^,54o,59£ 

1,300,607,472 

1,205,662,556 

0.02 

0.04 

0.08 

0.15 

0.03 

0.11 

Othor  Ri  iral 

a  1  cn  enn  ceo 

4,Uob,l  IB, 05b 

3,998,895.630 

3.818,001,406 

3,534,820,068 

0.02 

0.04 

0.08 

0.15 

0.10 

0.29 

Tpuphinn  ^tatnc 
i  caL/i  in  ly  oicilUo 

1  1  RQQ  949  14c; 

1  1    7Q1    AC\Q  CLAC1 

1  1 ,  /o  1 ,4Ub.o4y 

4  4    101  oiT  mr 

1  1 ,461 ,337,275 

11.053,180,083 

10,401,490,323 

0.01 

0.04 

0.07 

0.13 

0  11 

0  04 

Minor 

OA  9Q1  9RQ  RQO 

91  Q/1H  Q1  7  1CC 

00  Ann  mo  tti 

^0,400,9^3,772 

22,492,383,187 

21,065,105,098 

0.01 

0.04 

0.07 

0.13 

0.34 

0.18 

Non 

90  R77  94Q  RR9 

OQ  din  QH7  "i/IO 

cy,*»ou,yu/,o4o 

no  770  OAO  A  ACi 

28,  /  /o, 202, 448 

27,607,186,473 

25,767.201.873 

0.01 

0.04 

0.08 

0.14 

0.55 

0.78 

D^H  Statue 

L/Ofi  LdiytJ  UfUdll 

17  R9R  QQl  inr, 

1  /,ooo,yyo,  1  UD 

1  /  ,oy  1 ,4U0,0 1  b 

1 6,980,974,855 

16,417,655,482 

15,508.081,624 

0.01 

0.04 

007 

0.12 

0.20 

0.13 

D^H  Olhpr  1  Irhan 
uon  win ci  uiudii 

1  9  9RR  7R  t  dlfl 

19  n7R  qqc  nc 
l<i,U/D,oob,Joo 

44    OIO    A  An  ~TC  A 

1 1  ,oi8,440,764 

11,282,754,450 

10,448,127,408 

0.02 

0.04 

0.08 

0.15 

0.17 

0.12 

uon  nuidi 

1    QRQ  CA7  CQC 

i  ocn  ortc  ncc 

1  .oby.zyb.ybo 

1,819,300,309 

1,737,376,331 

1,606,679,612 

0.02 

0.04 

008 

0.15 

0.04 

0.08 

i<hji  luon 

94  97^  CQQ  C4R 

99  77C  C/iO  /1T7 

oj,/  /D,b4c\4oV 

33,021,747,567 

31,714,963,480 

29,670,908,651 

0.01 

0.04 

007 

0.13 

0  58 

067 

RdHcito  __  1  1  r4S ^  r~t 
DUUblZU  "  UiUdll 

<100 

0  m  1  191  cn^i 

9  nni  OC1  n<n 
t.UU  I  ,^:o  1  ,U1  U 

1 ,956,746,739 

1,878,351,450 

1,755,593,781 

001 

0.04 

0.08 

0.14 

0  04 

0.12 

1  DO- 1  QQ 

fi  07R  1  9R  QOQ 

7              CQC  07/1 

/,ybu,bob,£/4 

7,781 ,225,360 

7,481,719,660 

7,009,915,711 

0.01 

004 

0  07 

0  13 

0  13 

0  16 

CUV  C  99 

19  1  OR  9  17  KOO 

11    QH   C77  *Oi 

1 1  ,yo  1  ,D/  /,  IO  1 

4  4  ceo  nm  A&A 

1 1 ,663,259,464 

11,216,181,342 

10,513,759,737 

0  01 

0.04 

0.07 

0.13 

0.19 

0  12 

^oo-too 

11    1  P.9  nflQ  199 

1  1  no  1  nn  >ioo 

4        *f"»0  TOO    J  n  r 

1 0,773,738,495 

10,356.559,708 

9,698,045,814 

0.01 

0.04 

0.07 

0.13 

0.16 

0  07 

400-400 

HAT1  9  9 

7  7^1  1  Afi  9  1  A 

/,b4U,bbo,  1 00 

7,468,287,524 

7,181,165,928 

6,731,267,312 

0.01 

0.04 

0.07 

0.13 

0.10 

0.04 

500+ 

1  r  orr  R7 1  9or 

1^  QQC  QQ/1  Q"71 

i  D,oob,yy4,y / 1 

IF  i<7<  AAn  OOfl 

1  D.4/  1 ,902,339 

14,899,902,219 

13,986,796,073 

0.01 

0.04 

0.07 

0.13 

0.18 

0.05 

Rpfi<ii7p  Rural 

<50 

1  O^fl  ^.RR  9RR 

1  n«i9  ocn  c^c 

1  ,U4^:,i:DU,D4D 

4  non  (no  or*>i 

1  ,U20, 106,204 

974,025,535 

901.997,541 

0.02 

0.04 

0.08 

0.15 

003 

0.19 

50-99 

9  9RR  071  070 

9  999  0/17  /lOO 

O    4  O  j4   OOO  *"»  J  O 

<r,1o4, 399,043 

2,085,623,947 

1,931,340,568 

0.02 

0.04 

0.08 

0.15 

0.05 

0.14 

100-149 

1  q  1 1  70R  oor 

1,91  1  ,  /  Uj,UUO 

1  QQO  IOC  n>17 

4    O  A  O  COO 

1 ,842,079,622 

1,758,664,034 

1,629,042,211 

0.02 

0.04 

0.08 

0.15 

0.04 

0.06 

150-199 

1  IRQ  09  1  ^ftT 

1  ,009,90  1  ,000 

1  9RR.  /1Q7  CyiO 
1  ,ODt5,*jy/(D*li: 

4  oon  oc7  rtcn 
1  ,Joy,OD/,(Jb9 

1,278,329,411 

1,184,237,301 

0.02 

0.04 

0.08 

0.15 

0.03 

003 

200  + 

9  990  1 1  ^  7^9 

9  1  OC  QCC  AC  A 

c.,  \  oo,yoD,4o4 

0  4  on  0 c  4  00c 

2, 1  jy,Jbi,635 

2,042,226,508 

1,891,801,247 

0.02 

0.04 

0.08 

0.15 

0.04 

0.02 

Rpninn 
r  icyiui  i 

M ova/  PnnlanrH 

9  P.QQ  7CQ  QQQ 

0,090,  /  oy  ,ooy 

0  on  oil  oil 
o,o4o,ol  1,232 

0  7 n  04  J  r\ s~*  A 

3,757,214,064 

3,612,286,622 

3,378,743,486 

0.01 

0.04 

0.07 

0  13 

0.05 

0.04 

K^iHHIp  Atlantic 

■VIIULJIC  nllal  IUL 

1  O.H  1  f  ,U  11,  1  90 

19  991  OOQ  fiQC 

12,937,199.786 

12,458,063,662 

11,728,818,764 

0.01 

0.04 

007 

0.13 

0.18 

0  10 

Cm  ttt\  Aflsnlir> 
OUUIM  MlldMIIU 

1  1    CO/1  C7Q  COO 

<  i    IOC  Cln  onn 

1 1  ,oob,b^9,o98 

1 1,073,313,974 

10,636,397,1 17 

9,929,658,105 

0.02 

004 

0.08 

0.14 

0.18 

0.15 

11    HQ  HQ7  QCn 

11,1 4o,UoV,<;bU 

lU, 998,199,295 

10,752,503,783 

10,342,782,044 

9,706,772,323 

0.01 

0.04 

0.07 

0.13 

0  17 

0.15 

pep 

LOU 

/I   A  C  A  C71  OnO 

4,454,6/1  ,20o 

4,389,327,912 

4,291,027,603 

4,104,814,746 

3,792,816,296 

0.01 

0.04 

0.08 

0.15 

0.08 

0.09 

WNC 

4.693,252,900 

4,622,829,859 

4,518,810,229 

4,337,186,002 

4,050,152.708 

0.02 

0.04 

0.08 

0.14 

0  08 

0.14 

WSC 

6,315,732.618 

6,215,280,464 

6,078,679,010 

5,816,062,095 

5,410.458,018 

0.02 

0.04 

008 

0.14 

0.1 1 

0  14 

Mountain 

2,446,816,414 

2,411,541.706 

2,358,284,332 

2,261,051,081 

2,116,616,061 

0.01 

0.04 

0.08 

0.13 

0.04 

0  07 

Pacific 

8,171,848,520 

8,055,314,202 

7,873,430,713 

7,584,106,375 

7,119,761,534 

0.01 

0.04 

0.07 

0.13 

0  10 

0  12 

Ownership 

NFP 

50.417,285,766 

49,692,186,638 

48.573,361,828 

46,697,773,923 

43,750,720,743 

0.01 

0.04 

0.07 

0.13 

0.75 

0  58 

FP 

6.742,887,565 

6,639,253,879 

6,489,754,788 

6,230,303,336 

5,818,630,438 

0.02 

0.04 

008 

0  14 

0  11 

0.14 

Urban  Gov 

6.382,657,004 

6,286,300,273 

6,144.932,572 

5,901,730,430 

5,514,570,244 

0  02 

004 

0.08 

0  14 

0  08 

0  08 

Rural  Gov 

2.525,031,361 

2,485,492,263 

2,432,414,306 

2,322,942,054 

2,149,875,869 

0.02 

0.04 

0.08 

0.15 

0.06 

0.19 
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Table  VI- 12 
Comparison  of  Aggregate  Payments 
by  Hospital  Type 


Baseline 
Simulated 
Standard 
Amount 

Simulated  Payments  Based  on  Least  Costly 

Saviogs  as  a  Percentage 
of  Baseline  Payments 

Percentage 

Ul 

111  cph^rnoc 
UloLI  Idiycb 

Percentage 

01 

Hospitals 

90% 

7fi°/ 
/Ofo 

DU  /o 

25% 

90% 

75% 

50% 

25% 

All  Hospitals 

66,067,861.697 

65  197  1 16  571 

fi.'}  fi.Q7  Q77  7^ 

fiO  04R  777  7n9 
OU, o**o,r  1  1  ,l\}£. 

cc  no  coc  ocn 

0.01 

0.0^ 

0.09 

0.16 

in  O/io  t;9fi 

c  ooo 

Geographic  Location 

Large  Urban 

33,938,824,990 

33,598,645,807 

32  86?  397  R90 

T1  1  Q 1  Q4R  OOfi 

O  1,  1  j  1  ,  jHO^Ol 

9R  Rfi'}  fin  1  ^7 

U.U1 

n  no 

U.Uo 

0.0£ 

0  1 6 

U.*4_ 

n  on 
U.oU 

Other  Urban 

23,281,556,908 

22,896,483,936 

99  970  RQ7  IRQ 

911  94  709  R99 

1Q  Q(39  R/in  7QC 

n  no 

0.04 

0.0£ 

0.1 7 

0  O-fi 

n  oc 
U.*:b 

RRC 

3,283,088,703 

3,228,993,058 

3,141,106,518 

p  070  4*;r  inq 

t—     i  j;f  ju,  ii/l 

9  71^  7RQ  044 

n  no 

n  r\A 
U.U1 

n  no 

U.U; 

n  <  ~7 
U.  1  / 

0  07 

n  nt; 

U.UO 

SCH 

1,413,890,428 

1,390,633,310 

1  352  44fl  88? 

1  9H9  R04  Rfi7 

1  1  7fi  791  1  fiO 

n  no 

n  n>t 
U.U4 

n  nn 

0.17 

0.03 

0  1  1 
U.  1  1 

Other  Rural 

4,150,500,668 

4,082.360,458 

3  971  397  124 

7fifi  fifil  fi74 

1  4RR  Q79  7^^ 

n  n9 

n  n>i 

U.U'l 

n  no 

u.uy 

n  ■*  t 
U.  I  / 

0  10 

O  9Q 

Teaching  Status 

Major 

11,899,242,145 

1 1,762,394,427 

1 1  489  870  544 

10  QOR  OfiQ  9fiR 

1  U,;?Uo,UO;j,£OC 

Q  QQ9  OIO  Q9fi 

n  m 

n  no 

U.U  J 

n  no 
U.Uo 

0  I  6 

0  1  1 

U.  1  1 

O  04 
U.U** 

Minor 

24,291,369,690 

23,976,093,751 

23  39?  915  537 

LU,UJC,^   1  Of  OO  9 

99  1QCi  9RS  ^87 

*- <i  ,  1  JJ/OJ.JO/ 

90  ^4^  fi04  Q77 

n  m 

n  c\a 

o.os 

0.16 

0  34 

0  1  R 

U.  1  o 

Non 

29,877,249,862 

29  458  628  392 

pa  tie:  i qi  ccp 

t.U,  /    1  J,  1  J  1  ,UJt 

97  94R  499  R47 

94  Q77  R1Q  R^fi 

n  m 

U.U  I 

n  n/i 
U.U4 

0.09 

0.16 

0  55 

O  7R 
U.  1 0 

DSH  Status 

DSH  Large  Urban 

17,636,993,105 

17,459,061,345 

17  074  1 13  337 

1fi  90S  70T  7^^ 

1  4  R^7  Q^9  440 

O  01 

U.U  1 

n  no 
U.Uo 

n  no 
U.Uo 

0.16 

0  90 

n  1  o 

U.  1  o 

DSH  Other  Urban 

12,265,761,410 

12,062,602,249 

1 1  733  83?  ?64 

1 1  1  9Q  R94  9R9 

10  911  74T  R70 
IU,(i  1  1  ,  /  **o,o  /  u 

n  no 
U.U*: 

n  n<i 

0.09 

0.17 

0  17 
U.  I  / 

n  1  o 

U.  I  d 

DSH  Rural 

1,889,507,636 

1,858,321,494 

1  808  711  107 

1  71  R  T31  QQfi 

1  R7T  1R7  QQT 

n  no 

n  n>i 
U.U4 

0.09 

0.17 

0  04 

n  no 

U.Uo 

Non DSH 

34,275,599,546 

33,817,131,484 

3?  981  3?1  0?5 

T1  9Q4  Q1 7  71  Q 

9fl  fion  fino  QCC 

n  n  1 
U.U  1 

UU4 

0,09 

0.1 6 

0  58 

0  fi7 

U.D  / 

Bedsize  -  Urban 

<100 

2,031,131,504 

?  003  351  ?0fi 

1  Q'iT  ^7fl  09Q 
i ,  j J  j,  j  /  0,1)1:  J 

1  RRT  RIO  1  po 

I  ,OJJ,J  l£,  loo 

0.01 

0.04 

0.09 

0.16 

0  04 

O  1  9 

U.  I  c- 

100-199 

8,078,126,329 

7  974  514  444 

7  7R1  114  R77 
/,(OI,l  i  *t  ,0  /  / 

7  0R9  4fi7  fl99 

C  "JCA  QIC  one 

0.01 

0.04 

0.09 

0.16 

on 

n  1  a 

U.  1  D 

200-299 

12,106,217,522 

1 1  951  661  531 

1 1  fifi?  ?77  fim 

1  1  0fi7  447  QQO 
1  1  ,UD/  ,yyU 

1A  14R  C7Q  QO.  1 

lu,  i4D,o/ j,jy  1 

n  n  1 
U.U1 

0.04 

0.09 

0.16 

O  1  Q 

U.  I  9 

n  1  o 
U.l  d 

300-399 

11,183,089,122 

1 1  038  055  303 

10  7fiQ  170  4R4 

IU,  r  UJ,  1  /  U^u^ 

10  990  ^.fifi  001 

Q  TCQ  Q77  C1  Q 

0.01 

0.04 

0.09 

0.16 

n  1  fi 

U.  1  D 

n  c\i 
U.U/ 

400-499 

7,753,146,216 

7,653,429,085 

7  468  665  087 

7  OflR  7^fi  fi^9 
f  ,UOO,  /  OQ,Dj£ 

fi  AQQ  QG..A  OH; 

n  n  i 

U.U  1 

0.04 

0.09 

0  16 

n  1  n 

U.  1  U 

n  n>t 
U.U4 

500+ 

16,068,671,205 

15,874,1 18,175 

15  498  ?19  33? 

1 4  704  191  QQ4 

n  vlfiQ  7QQ  Qf;7 

n  n  1 

U.U1 

0.04 

0.08 

0.16 

n  1  r 
U.  1  o 

n  nc 
U.UO 

Bedsize  --  Rural 

<50 

1,058,556,386 

1,041,459,414 

1  013  197  394 

Qfii  mn  rqr 

3D  1  ,UOU,0;JO 

ooi  A~7 A  OOA 

0.02 

0.04 

0.09 

0.17 

0  09. 
U.UO 

n  1  q 

u.  i  y 

50-99 

2,266,971,070 

2,229,736,513 

2,169,151,631 

9  Ofi.7  R9Q  fifl9 

1  RR7  fi70  T9R 

n  no 
U.U*: 

n  c\a 
U.U4 

0.09 

0.1 7 

0  OR 

U.  I  4 

100-149 

1,911,705,008 

1,880,405,879 

1,829,000,399 

1  714  R1  9  RR9 

1  RQ1  fi1  Q  fi1  4 

i  ,oy  i  ,o  i  y,o  1 4 

n  no 

0.04 

0.09 

0.17 

0  04 

U.U4 

n  nfi 

U.UO 

150-199 

1.389,931,583 

1,366,831,109 

1  329  568  15? 

1  9fi1  OQT  710 

1  1  ^7  nnft  fic;n 

n  no 
U.U*: 

0.04 

0.09 

0.17 

U.Uo 

n  no 
U.Uo 

200+ 

2,220,315,753 

2,183,553,91 1 

2  124  034  947 

9  014  fi^Q  4R0 

1  Q4Q  7in  1  m 
I  ,o**C5,  /  IU,  I  I U 

n  no 
U.U*: 

0.04 

0.09 

0.17 

0  04 

u.u*» 

n  c\o 

Region 

New  England 

3,895,759,889 

3,840,002,310 

3  746  734  1 89 

O,  /  ^U,  /  Ot,  IU3 

O  OC7  QQO  One 

0.01 

0.04 

0.09 

0.16 

O  Ofi 
U.Uo 

n  n<4 
U.U4 

Middle  Atlantic 

13,417,014,193 

13  258  548  8?? 

1?  943  94R  833 

19  9R9  7RO  9RT 

1  1  OCC  7QQ  170 

0  0 1 

0.04 

0.08 

0.16 

0  1  R 

U.  1  o 

n  1  n 
U.  1 U 

South  Atlantic 

11,524,678,699 

1 1  364  686  237 

1  1  Ofifi  QfiO  RRfi 

1fl  R1  1  CQC  C77 

y,oJ4, 045,45  i 

0.01 

0  04 

0.09 

0  16 

n  1  q 

U.  1  o 

0. 1  5 

ENC 

11,148,087,260 

1 1  007  257  3Q4 

10  741  R  1  7  R1  fi 
1  U,  /  *t  1  ,0  1  '  ,0  ID 

1  U,  1  yo,  1  (541D/4 

y.Jby.^o  i  ,631 

0.01 

0.04 

0.09 

0.16 

n  1 7 

U.  1  f 

U.  1  O 

ESC 

4,454,671,203 

4,385,795,052 

4,283,710,071 

4,060,712,865 

3,719,400,069 

0.02 

0.04 

0.09 

0.17 

n  nn 

U.UO 

0.09 

WNC 

4,693,252,900 

4,632,638,932 

4,519,379,228 

4,292,489,358 

3,939,292,137 

0.01 

0.04 

0.09 

0.16 

n  no 
U.Uo 

0.14 

WSC 

6,315,732,618 

6,222,150,607 

6,059,728,327 

5,736,705,462 

5,247,910,166 

0.01 

0.04 

009 

0.17 

n  1  1 

U.  1  1 

0.14 

Mountain 

2,446,816.414 

2,413,413,396 

2,355,605,822 

2,232.708,775 

2,047,490,323 

0.01 

0.04 

009 

0.16 

004 

007 

Pacific 

8,171,848,520 

8,072,623,822 

7,880,095,160 

7,477,455,290 

6,851,485,015 

0,01 

0  04 

0.08 

0.16 

0.10 

0  12 

Ownership 

NFP 

50,417,285,766 

49,765,620,167 

48,556,347,098 

46,076,451,465 

42,235,734.070 

0.01 

0.04 

0.09 

0.16 

0.75 

0.58 

FP 

6,742,887,565 

6,651,082,130 

6,485,384,784 

6,151,720,118 

5,635.412,113 

001 

0.04 

009 

0.16 

0  11 

0.14 

Urban  Gov 

6,382.657.004 

6.296,408.139 

6,139,629,070 

5,825,523,821 

5,339,980,264 

0.01 

0.04 

0.09 

0.16 

0.08 

008 

Rural  Gov 

2,525,031,361 

2,484,006,136 

2,416,616,781 

2,292,082,299 

2,102,510,412 

0.02 

0  04 

0.09 

0.17 

0.06 

0  19 
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Table  VI- 13 
Projected  Financial  Impact  on  Hospitals 
(Gains  and  Losses  Relative  to  Baseline  Payments) 
under  Alternative  Calculations  of  PPS  Standard  Payment  Amounts 
Dollars  Estimated  in  Thousands 


Estimated 
Medicare 
Payments 

Hospital 
Losses 

Hospital 

Net 

%of 

Impact  on  Hospitals 

Percent 

Simulation 

Hospitals 

%  of  Hospitals  with  a 

surplus  of 

%  of  Hospitals  with  a  loss  of 

Dollar 

surpluses 

Margin 

With  No  Effect 

1-10% 

11-20% 

21%+ 

1-10% 

1 1  -20% 

21%+ 

Loss 

Baseline 

$66,067,862 

$0 

$0 

$0 

100.0 

0.0 

0.0 

0.0 

0.0 

0.0 

0  0 

0  0 

25%  on  Efficiency 

$57,233,797 

$8,834,064 

$0 

$8,834,065 

0.0 

0.0 

0.0 

0.0 

0.0 

100.0 

0.0 

-134 

50%  on  Efficiency 

$61,152,750 

$4,915,112 

$0 

-$4,915,112 

0.0 

0.0 

0.0 

0.0 

1000 

0.0 

0.0 

-74 

75%  on  Efficiency 

$63,640,463 

$2,427,398 

$0 

-$2,427,399 

0.0 

0.0 

0.0 

0.0 

100.0 

0.0 

00 

-3.7 

90%  on  Efficiency 

$65,103,233 

$964,629 

$0 

$964,629 

0.3 

0.0 

0.0 

00 

99.7 

0.0 

0.0 

-1.5 

25%  on  Cost 
50%  on  Cost 

$55,313,637 
$60,345,778 

$10,754,225 
$5,722,084 

$0 
$0 

-$10,754,225 
-$5,722,084 

0.0 

0.0 

0.0 

0.0 

0.0 

100.0 

0.0 

-16.3 

75%  on  Cost 
90%  on  Cost 
N  =  5223. 

$63,597,978 
$65,197,117 

$2,469,884 
$870,745 

$0 
$0 

-$2,469,884 
-$870,745 

0.0 
0.0 
10.1 

0.0 
0.0 
0.0 

0.0 
0.0 
0.0 

0.0 
0.0 
0.0 

100.0 
100.0 
89.9 

0.0 
0.0 
0.0 

0.0 
0.0 
0.0 

-8.7 
-3.7 
-1.3 
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Table  VI- 14 
Projected  Financial  Impact  on  Hospitals 
(Gains  and  Losses  Relative  to  Facility  Costs) 
under  Alternative  Calculations  ot  PPS  Standard  Payment  Amounts 
Dollars  Estimated  in  Thousands 


Simulation 

Estimated 
Medicare 
Payments 

Hospital 
Losses 

Hospital 
Surpluses 

Net 
Margin 

%Of 

Hospitals 
With  No  Effect 

Impact  on  Hospitals 

Percent 
Dollar 

Loss 

%  of  Hospitals  with  a  surplus  of 

%  of  Hospitals  with  a  loss  of 

1-10% 

11-20% 

21%+ 

1-10% 

11-20% 

21%+ 

Baseline 

$66,067,862 

$3,757,242 

$6,057,832 

$2,300,590 

3.5 

18.0 

14.4 

22.8 

18.1 

13.0 

10  2 

3  6 

25%  on  Efficiency 

$57,233,797 

$9,021,692 

$2,488,217 

$6,533,475 

3.7 

11.6 

6.4 

9.0 

20.0 

21.2 

28.2 

-10.2 

50%  on  Efficiency 

$61,152,750 

$6,350,745 

$3,736,223 

$2,614,522 

33 

16  1 

9.4 

14.2 

20.3 

18.8 

17.9 

-4  1 

75%  on  Efficiency 

$63,640,463 

$4,924,596 

$4,797,788 

•$126,809 

4.2 

17.0 

12.2 

18.4 

19.1 

15.8 

13  3 

-0.2 

90%  on  Efficiency 

$65,103,233 

$4,195,076 

$5,531,037 

$1,335,961 

3.7 

17.9 

13.6 

21.0 

18.3 

14.4 

11.2 

2.1 

25%  on  Cost 

$55,313,637 

$10,476,017 

$2,022,382 

-$8,453,635 

2.5 

9.8 

5.7 

7.4 

18.7 

22.5 

33  5 

-13.3 

50%  on  Cost 

$60,345,778 

$6,856,031 

$3,434,537 

$3,421,494 

3.2 

15.3 

8.7 

13.2 

20.6 

19.4 

19.6 

-5.4 

75%  on  Cost 

$63,597,978 

$4,948,641 

$4,779,347 

$169,294 

4.4 

17.0 

12.0 

18.0 

19.2 

16.1 

13.4 

-0.3 

90%  on  Cost 

$65,197,117 

$4,151,229 

$5,581,074 

$1,429,845 

3.8 

18.0 

13.4 

21  0 

18.4 

14  4 

11.1 

2  2 
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